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Editorial

Mirjana Ivanović, Miloš Radovanović, and Vladimir Kurbalija

University of Novi Sad, Faculty of Sciences
Novi Sad, Serbia

{mira,radacha,kurba}@dmi.uns.ac.rs

The fourth and final issue of Volume 21 of Computer Science and Information Sys-
tems is comprised of 9 regular articles and three special sections: “Explainable and trust-
worthy methods for next-generation artificial intelligence for Reasonable Data Size” (7 ar-
ticles), “Recent Advances in AI Methods for Image Processing: Theory, Algorithms, and
Applications” (14 papers) and “Selected papers from the European Conference on Ad-
vances in Databases and Information Systems” (3 articles).

The first regular article, “Threshold Segmentation Based on Information Fusion for
Object Shadow Detection in Remote Sensing Images” by Shoulin Yin et al., propose a
novel threshold segmentation method where object shadow pixels are first screened using
intensity and chromaticity information in HSI color space. Then, principal component
analysis (PCA) is applied to the remote sensing image to obtain the first principal com-
ponent, after which a new shadow index is constructed by fusing the results obtained
from HSI and the first principal component. Finally, a threshold segmentation model is
established using an improved threshold segmentation algorithm.

In the second regular article, “Tourist Services Management through Clients Scoring
Using a Bio-Inspired Agent Architecture,” Raúl Moreno et al. present a complete frame-
work, Pharaoh, which can make recommendations to customers covering the final user
perspective and provide support to travel agents, by filtering the best travel, accommo-
dation, and activity options according to the desires of the customers. This is achieved
through effective use of a bio-inspired multi-agent system (MAS).

“PTB-FLA Development Paradigm Adaptation for ChatGPT,” by Miroslav Popovic et
al. adapts the original four-stage Python testbed for federated learning algorithms (PTB-
FLA) paradigm into two new paradigms for ChatGPT, denoted the adapted four-phases
paradigm and the adapted two-phases paradigm. The four-phase paradigm consists of
producing the sequential code, the federated code, the federated code with callbacks, and
the PTB-FLA code, respectively, while the two-phase paradigm produces the sequential
and the PTB-FLA code.

Yuhao Dai and Fei Zhu, in “TRL-PROTAC: A Pre-Trained Generator of PROTACs
Targeting Specific Proteins Optimized by Reinforcement Learning,” propose an integrated
protocol for design and evaluation of proteolysis-targeting chimeras (PROTACs) targeting
specific proteins, called TRL-PROTAC. TRL-PROTAC is focused on the de novo design
of complete PROTACs by effectively joining the designed ligands targeting the proteins
of interest (POI) with linkers.

The article “Psychological Effect Computation of Courtroom Arguments: A Deep
Learning Approach of EEG Signal Data,” authored by Xuan Zhou et al., explores a neu-
ral reaction observation method for psychological effect analysis of attorney’s speeches
in courtroom scenarios. A corpus of courtroom arguments from legal movies and tele-
vision series were used as source material, and participants’ psychological responses to
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the speeches were monitored with wearable electroencephalography (EEG) devices. Deep
learning approaches based on convolutional neural networks (CNN) and long short-term
memory (LSTM) networks were then employed to model attention intensity, cognitive
load, and emotional changes.

In their article entitled “A Method for Solving Reconfiguration Blueprints Based on
Multi-Agent Reinforcement Learning,” Jing Cheng et al. propose an improved value-
decomposition network (VDN) method based on average sequential cumulative reward.
By refining the characteristics of the integrated modular avionics system, mathematical
models are developed for both the system and the reconfiguration blueprint. The improved
VDN algorithm demonstrates superior convergence characteristics and optimization ef-
fects compared to traditional reinforcement learning algorithms such as Q-learning, deep
Q-learning network (DQN), and VDN.

“Biometric Lock with Facial Recognition Implemented with Deep Learning Tech-
niques,” by José Misael Burruel-Zazueta et al. develops a biometric lock system (BLS)
whose opening is performed by recognizing a person’s face, which solves the challenges
of re-training, antispoofing, real-time response, and executes inside an embedded system.
The proposed BLS overcomes these challenges using a pre-trained FaceNet network for
feature extraction and coding, and incorporating ResNet18 + remote photoplethysmogra-
phy (rPPG) to avoid spoofing.

Shi Shuxin et al., in their article “BLSAE-SNIDS: A Bi-LSTM Sparse Autoencoder
Framework for Satellite Network Intrusion Detection,” present a satellite network intru-
sion detection system named Bi-LSTM sparse self encoder (BLSAE-SNIDS) to address
various challenges in intrusion detection for satellite networks. Through the development
of an innovative unsupervised training Bi-LSTM stacked self-encoder, BLSAE-SNIDS
facilitates feature extraction from satellite network traffic, diminishes dimensionality, con-
siderably reduces training and testing durations, and enhances attack prediction accuracy
of the classifier.

Finally, “Sentiment Polarity Analysis of Love Letters: Evaluation of TextBlob, Vader,
Flair, and Hugging Face Transformer,” by Gaganpreet Kaur et al. investigates the perfor-
mance and accuracy of four popular Python libraries for sentiment analysis (TextBlob,
Vader, Flair, and Hugging Face Transformer) in determining the polarity and intensity of
sentiments in love letters. A corpus of 300 love letters was collected and randomly sam-
pled to provide 500 sentences for analysis, with human experts evaluating the quality and
accuracy of the sentiment annotations.

In the name of our editorial team, we extend our sincerest gratitude to everybody who
contributed to the pub- lication of ComSIS, including (but not limited to) our authors,
reviewers, guest editors, colleagues, team members, and boards.
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Guest Editorial: Explainable and trustworthy methods
for next-generation artificial intelligence for Reasonable

Data Size

Dalin Zhang1 and Ivan Luković2

1 Beijing Jiaotong University, China
dalin@bjtu.edu.cn

2 University of Belgrade, Serbia
ivan.lukovic@fon.bg.ac.rs

This special issue showcases cutting-edge research in artificial intelligence and com-
puter vision, with a focus on novel deep learning architectures and algorithms for various
recognition and analysis tasks. The collected papers present innovative approaches that
push the boundaries of performance and efficiency across applications ranging from in-
frastructure inspection to pedestrian analysis.

In the paper "Advancing Crack Segmentation Detection: Introducing AAMC-Net Al-
gorithm for Image Crack Analysis", the authors introduce AAMC-Net, an innovative
convolutional neural network algorithm that leverages a mixed domain attention mech-
anism to enhance feature extraction for road crack segmentation. The proposed approach
demonstrates superior performance in crack detail processing, model training efficiency,
and real-time detection compared to several traditional algorithms, achieving notable im-
provements across multiple evaluation metrics. By addressing challenges in road crack
segmentation while maintaining flexibility for broader image segmentation tasks, AAMC-
Net represents a significant advancement in computer vision techniques for infrastructure
maintenance and safety applications.

The paper titled "Enhancing Architectural Image Processing: A Novel 2D to 3D Al-
gorithm Using Improved Convolutional Neural Networks" introduces an innovative archi-
tectural image processing model that combines Restricted Boltzmann Machines (RBMs)
with Convolutional Neural Networks (CNNs) to convert 2D architectural images into 3D
models. The proposed approach demonstrates superior performance in terms of accuracy
and efficiency, achieving a 97% detection rate and significantly outperforming compar-
ative algorithms in runtime and efficiency. By integrating advanced preprocessing tech-
niques with a novel deep learning architecture, this research makes a valuable contribution
to the field of architectural digitization and smart city development.

In the paper "Attention Mechanism for Image-based Person Re-identification", Liu
and Zhou introduce a novel hybrid framework called PGAN (Patch-Global Attention Net-
work) for person re-identification, which combines a patch-network and global-network
with a channel-wise attention mechanism to learn discriminative feature representations.
The proposed approach incorporates CSwin Transformer to re-extract features from resid-
ual blocks and demonstrates superior performance on benchmark datasets, achieving state-
of-the-art results with mAP scores of 91.3%, 83.4%, and 81.8% on Market-1501, DukeMTMC-
ReID, and CUHK03-NP datasets respectively. By effectively integrating local and global
features through attention mechanisms and transformer architectures, this work makes a
significant contribution to improving the accuracy and efficiency of person re-identification
systems.
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In the paper "Semantic Feature-Based Test Selection for Deep Neural Networks: A
Frequency Domain Perspective", Jiang et al. introduce SaFeTS, an innovative test selec-
tion method for deep neural networks that leverages frequency domain analysis to extract
semantic features from test cases. By clustering these features and sampling diverse test
cases, SaFeTS demonstrates superior performance in exposing varied model errors and
improving adversarial and out-of-distribution robustness compared to baseline methods.
The authors’ approach offers a fresh perspective on enhancing DNN testing and robust-
ness by focusing on semantic diversity, with experiments showing up to 20% improve-
ment in adversarial accuracy over existing techniques.

In their paper "AI Large Models Bring Great Opportunities to Reusable Design of
CAD Software", Sun et al. explore how AI large models can enhance reusable design in
CAD software by improving rule-based and case-based reasoning techniques. The authors
propose a novel framework that integrates large language models, knowledge graphs, and
databases to enable more intelligent and interpretable design reuse. By leveraging the
advanced language understanding and reasoning capabilities of large AI models, this ap-
proach aims to overcome limitations of traditional methods and open new possibilities for
computer-aided engineering augmented by artificial intelligence.

The paper titled "A Hybrid GA-Powell Algorithm for Geometric Constraint Solv-
ing" introduces a novel hybrid GA-Powell algorithm to address limitations in traditional
geometric constraint solving methods. By combining the global search capabilities of ge-
netic algorithms with the local refinement strengths of Powell’s method, the proposed
approach demonstrates superior accuracy and efficiency in solving multi-solution prob-
lems compared to existing techniques. The researchers’ findings offer valuable insights
for enhancing CAD systems and geometric constraint solvers, potentially advancing the
field of computer-aided engineering design.

In the paper "ALFormer: Attribute Localization Transformer in Pedestrian Attribute
Recognition", ALFormer, a novel transformer-based framework for pedestrian attribute
recognition that addresses limitations in accurately localizing discriminative regions has
been introduced. By incorporating Mask Contrast Learning to suppress misleading re-
gional correlations and Attribute Spatial Memory to capture inherent attribute locations,
ALFormer achieves state-of-the-art performance on benchmark datasets. The authors’
approach demonstrates the potential of leveraging spatial consistency to enhance fine-
grained recognition tasks in computer vision.

In conclusion, this special issue highlights several promising directions for advanc-
ing AI and computer vision capabilities. The presented works demonstrate the potential
of hybrid architectures, attention mechanisms, and large language models to address key
challenges in tasks like image segmentation, 3D modeling, person re-identification, and
attribute recognition. By combining global and local feature extraction, leveraging spatial
consistency, and enhancing robustness through semantic diversity, these approaches of-
fer new paradigms for developing more accurate, efficient and interpretable AI systems.
As the field continues to evolve rapidly, the novel techniques introduced here provide
valuable insights to guide future research and development of intelligent visual analysis
systems. We hope you enjoy reading the papers as well as we did.
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The special section Recent Advances in AI Methods for Image Processing: Theory,
Algorithms, and Applications is to contribute original researches on recent theoretical ad-
vances, algorithmic developments, and practical applications of the AI-based frameworks.
Topics include new AI models, adaptive AI algorithms, robustness analysis, stability anal-
ysis, and imaging processing applications.

The rise of machine learning approaches, and in particular deep learning, has led
to a significant increase in the performance of AI-based systems. Many current image
applications also include at least one AI-based component. Images, video, sound, text-
traditional multimedia data are now completed by a multitude of multimodal sources, on
which the fundamental principles of image research are being applied.

For this special issue 58 submissions have been submitted where the corresponding
authors were majorly counted by the deadline for manuscript submission with an open
call-for-paper period of 6 months. All these submissions are considered significant in the
field, but however, only one-third of them passed the pre-screening procedure by guest ed-
itors. The qualified papers then went through double-blinded peer review based on a strict
and rigorous review policy. After a totally three-round reviews, 14 papers were accepted
for publication. A quick overview to the papers in this section can be revealed below, and
we expect the content may draw attentions from public readers, and furthermore, prompt
the society development.

The first paper “GCN-LSTM: Multi-label educational emotion prediction based on
graph Convolutional network and long and short term memory network fusion label cor-
relation in online social networks” by Zhiguang Liu, Fengshuai Li, Guoyin Hao, Xiaoqing
He, and Yuanheng Zhang, proposes a novel multi-label educational emotion prediction
based on graph convolutional network and long and short term memory network fusion
label correlation in online social networks. This model uses Word2Vec method to train
word vectors and combines graph convolutional neural network (GCN) with long and
short term memory network (LSTM). This paper aims to improve the accuracy of multi-
label classification and to effectively learn the possible correlations between each label.

The second paper, “A multi-feature Fusion Model Based on Long and Short Term
Memory Network and Improved Artificial Bee Colony Algorithm for English Text Classi-
fication” by Tianying Wen, proposes a multi-feature fusion model based on long and short
term memory network and improved artificial bee colony algorithm for English text clas-
sification. In this method, the character-level vector and word-level vector representations
of English text are calculated using a pre-training model to obtain a more comprehensive
text feature vector representation. Then the multi-head attention mechanism is used to
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capture the dependencies in the text sequence to improve the semantic understanding of
the text.

The third paper, “A Novel Industrial Big Data Fusion Method Based on Q-learning
and Cascade Classifier” by Xi Zhang, Jiyue Wang, Ying Huang, and Feiyue Zhu presents
an improved Q-learning algorithm, which makes the improved algorithm randomly select
actions in the early stage, and dynamically change in the late stage in the random selection
of actions and actions with the highest reward value. It effectively improves the defects of
traditional Q-learning algorithm that it is easy to fall into the local optimal and has slow
convergence speed.

“Remora Optimization Algorithm-based Adaptive Fusion via Ant Colony Optimiza-
tion for Traveling Salesman Problem” by Lin Piao, proposes a novel remora optimization
algorithm-based adaptive fusion via ant colony optimization for solving TSP to enhance
the local search ability of ACO, speed up the efficiency of ACO and avoid the premature
problem. In addition, the initial solution is optimized by the k-opt strategy. Finally, the
random recombination strategy is used to recombine the pheromone and random excita-
tion to make the algorithm jump out of the local optimal as far as possible and improve
the accuracy of the algorithm.

The fifth paper, “GAN-DNADE: Image Encryption Algorithm Based on Generative
Adversarial Network and DNA Dynamic Encoding” by Xi Wang introduces GAN into
random key generation and uses GAN to learn and train the random key generated by
hyperchaotic system. A parallel chaotic system is used to generate two sets of pseudo-
random sequences, and DNA dynamic encoding is introduced to further transform them
to generate a new sequence. The pixel-level diffusion and scrambling of images within
and between channels are carried out by using random sequences. The experimental re-
sults show that the randomness of GAN can significantly expand the key space, and the
proposed algorithm has significant advantages in the security and anti-attack ability of
ciphertext images.

Next paper, “Multi-frame Network Feature Fusion Model and Self-attention Mecha-
nism for Vehicle Lane Line Detection” by Guang Zhu, Yajuan Liu, Jiyue Wang, proposes
a lane parallel detection network based on multi-frame network feature fusion model and
self-attention mechanism according to the scene characteristics that vehicles can obtain
continuous images during normal driving. Firstly, a parallel feature extraction structure is
designed. On the one hand, a single frame network with high precision is used to extract
the features of the current frame. On the other hand, a lightweight multi-frame network
is designed to extract features of low-resolution multi-frame temporal images. And the
recurrent neural network module is used to fuse the extracted temporal features and ob-
tain multi-frame features. Self-attention mechanism can effectively capture the relevant
information of internal features. Then the fusion module of single frame feature, multi-
frame feature and self-attention feature is designed. The feature map of lane line is output
by up-sampling network. The experimental results show that the network in this paper
has significant improvement in both objective detection accuracy and subjective effect
compared with other methods.

The seventh paper, “Stacked Denoised Auto-encoding Network-based Kernel Prin-
cipal Component Analysis for Cyber Physical Systems Intrusion Detection in Business
Management” by Zhihao Song, proposes a stacked denoised auto-encoding network based
on kernel principal component analysis for industrial cyber physical systems intrusion
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detection. A multi-stacked denoised auto-encoding network model is used to classify and
identify the data after dimensionality reduction by voting. Experimental results show that
the proposed method has better classification performance and detection efficiency by
comparing the state-of-the-art intrusion detection methods.

The eighth paper, “A Novel Image Enhancement Method Using Retinex-based Illumi-
nation Map Weighted Guided Filtering” by Su Chen, Dahai Li) try to solve the traditional
defogging physical models. These models only enhance the images based on dark chan-
nels prior, resulting in different depths of field in local areas, and it can lead to some prob-
lems such as image overexposure and halo artifacts. To solve this problem, the method of
combining light and dark channels is adopted to calculate the atmospheric light value and
transmittance. For the problem that edge information is easily lost, the illumination gra-
dient domain weighted guided filtering is utilized to improve the thinning transmittance.
Experimental results with the proposed method have obvious improvement in denoising,
halo elimination, brightness adjustment and edge preservation in the low-illumination im-
age under different conditions.

Paper, “Underwater Image Denoising Based on Curved Wave Filtering and Two-
dimensional Variational Mode Decomposition” by Lin Teng, Yulong Qiao, Shoulin Yin,
proposes a novel underwater image denoising method based on curved wave filter and
two-dimensional variational mode decomposition. Firstly, the noisy image is decomposed
by two-dimensional variational mode decomposition, and a series of modal components
with different center frequencies are obtained. The effective modal components are se-
lected by correlation coefficient and structural similarity. And the effective modal compo-
nents are processed by the curve-wave filter.

The tenth paper, “A Novel Deep Fully Convolutional Encoder-Decoder Network and
Similarity Analysis for English Education Text Event Clustering Analysis” by Zhenping
Jing, proposes a novel deep fully convolutional encoder-decoder network and similarity
analysis for English education text event clustering analysis in online social networks.
At the encoder end, the features of text events are extracted step by step through the
convolution operation of the convolution layer. Compared to the supervised cluster model
with the same pre-training, the clustering index of the proposed model is improved.

Paper, “Attitude Estimation of aircraft Based on Quaternion SRCKF-SLAM Algo-
rithm” by Dandan Wang, Zhaokun Zhu, Liang Yu, Hongjie Li, and Kaituo Tan, takes the
attitude quaternion error and the gyro drift error as the state quantity, and measures the
attitude quaternion of SINS/SLAM navigation. The square root cubature Kalman filter al-
gorithm is used for pose estimation, which not only solves the standardization problem of
traditional quaternion, but also reduces the state dimension and complexity of the square
root UKF algorithm of traditional quaternion, and improves the numerical stability.

The twelfth paper, “Spatio-Temporal-based Multi-level Aggregation Network for Phys-
ical Action Recognition” by Yuhang Wang, introduces spatio-temporal-based multi-level
aggregation network (ST-MANet) for action recognition. It utilizes the correlations be-
tween different spatial positions and the correlations between different temporal positions
on the feature map to explore long-range spatial and temporal dependencies, respectively,
generating the spatial and temporal attention map that assigns different weights to fea-
tures at different spatial and temporal locations. Additionally, a multi-scale approach is
introduced, proposing a multi-scale behavior recognition framework that models various
visual rhythms while capturing multi-scale spatiotemporal information. A spatial diversity
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constraint is then proposed, encouraging spatial attention maps at different scales to focus
on distinct areas. This ensures a greater emphasis on spatial information unique to each
scale, thereby incorporating more diverse spatial information into multi-scale features.

The thirteenth paper, “Multi-object Real-time Tracking for Intelligent Breeding of
Animal” by Fei Wang, Bin Xia, Liwu Pan, proposes a new multi-object real-time tracking
within deep framework for intelligent breeding of animal (MRT-IB), which consists of
semantic feature extraction module, center point prediction module, and object and tra-
jectory calibration module. MRT-IB reduces the difficulty of modeling animal trajectories
by performing animal detection on consecutive frames, resulting in higher robustness in
real farming scenarios compared to traditional multi-object tracking schemes that directly
model animal motion trajectories.

The last paper, “MFE-Transformer: Adaptive English Text Named Entity Recognition
Method Based on Multi-feature Extraction and Transformer” by Liuxin Gao, proposes an
adaptive English named text entity recognition method based on multi-feature extrac-
tion and transformer. Experiments are carried out on five English datasets and CrossNER
datasets, and compared with current cross-domain methods, the results show that the pro-
posed method achieves better results in cross-domain tasks, indicating that learning and
using structured knowledge can better promote cross-domain knowledge transfer.

The first guest editor would like to thank Prof. Mirjana Ivanović, the editor-in chief of
ComSIS, for her support during the preparation of this special section in the journal.

Finally, we gratefully acknowledge all the hard work and enthusiasm of authors and
reviewers, without whom the special section would not have been possible.
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Guest Editorial: Selected papers from the European
Conference on Advances in Databases and Information

Systems

Francesca Bugiotti, Johann Gamper, Genoveva Vargas-Solar, and Ester Zumpano

This special guest section publishes extended versions of three selected papers ac-
cepted in workshops held in conjunction with the ADBIS 2023: European Conference
on Advances in Databases and Information Systems (http://adbis.eu/). The workshops
covered diverse topics, such as intelligent data processing, large-scale knowledge graph
analysis, modern data engineering, advanced data management, and personalization and
recommender systems. The selected papers were chosen based on their technical quality,
assessed by the international program committee evaluating workshop papers. They went
through a strict evaluation of four reviewers, specialists in the topics of the papers. The
following papers were selected for this special guest section of ComSIS:

1. “Identifying Occurrences of the Cnidarian Physalia physalis in Social Media Data”,
by Heloisa Fernanda Rocha, Leonardo Camargo, Mauricio Almeida Noernberg, Au-
rora Trinidad Pozo, Carmem Hara, Lorena Silva Nascimento: This paper reports the
process of collecting and labeling Instagram posts, based on hashtag searches for
improving knowledge of biodiversity. An experimental study shows the effect of un-
questioning the adoption of labels given by a specialist compared to labels adapted
for machine learning training.

2. “ Automatic Conceptual Database Design based on Heterogeneous Source Artifacts”,
by Goran Banjac, Drazen Brdjanin, Danijela Banjac: This paper presents an early
prototype of the tool named DBomnia – the first online web-based tool enabling au-
tomatic derivation of conceptual database models from heterogeneous source artifacts
(business process models and textual specifications).

3. “Maritime Trajectory Mining: An Automatic Zones of Interests Discovery and Anno-
tation Framework ”, by Omar Ghannou: This paper presents an automatic framework
for discovering and annotating specific zones of interest within maritime trajectories.
The contribution is significant in the discovery of mobility patterns and the improve-
ment of transportation systems.

The Guest Editors extend their sincere gratitude to everyone who contributed to the
success of this special issue. We thank the authors for sharing their scientific insights
with the community. The authors invested effort in producing the versions published in
ComSIS, considering reviewers’ suggestions and requests to consolidate the work pre-
sented at the conference. We are also profoundly thankful to Prof. Mirjana Ivanovic, the
editor-in-chief of Computer Science and Information Systems (ComSIS), for her invalu-
able guidance and support throughout the process. A special acknowledgement is due
to the reviewers’ constructive feedback, which significantly enhanced the quality of the
papers accepted for this special issue.
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Abstract. In the shadow detection task, the shadow model is usually consistent
with the approximate contour of ontology semantics, it is difficult to extract the
features of land covered objects or ground pixels, and easy to be confused into fore-
ground objects in gray scale. Therefore, we present to formulate and apply one new
threshold segmentation method based on information fusion for object shadow de-
tection in remote sensing images. Firstly, object shadow pixels are screened using
intensity and chromaticity information in HSI color space. Secondly, the remote
sensing image is carried out by principal component analysis (PCA) to obtain the
first principal component. A new shadow index is constructed using the results ob-
tained from HSI and the first principal component. Thirdly, based on the results of
the above two information fusion, a threshold segmentation model is established us-
ing the improved threshold segmentation algorithm between the maximum and the
minimum threshold segmentation algorithm, so as to obtain the final object shadow
detection results. Finally, affluent experiments are conducted on the datasets col-
lected from Google Earth. The results show that the proposed object shadow de-
tection algorithm in remote sensing images can achieve better segmentation and
detection (more than 95%) effect compared with state-of-the-art methods.

Keywords: object shadow detection, threshold segmentation, information fusion,
remote sensing images, HSI color space, PCA.

1. Introduction

With the rapid development of space remote sensing technology, remote sensing image
is more and more widely used in urban planning, digital agriculture and resource explo-
ration. Shadow, which reflects the spatial structure characteristics of ground objects, has
always been a hot spot in the research of ground objects recognition. According to the
length and irradiation Angle of the profile, the height and shape of the ground objects
can be calculated, which is conducive to urban construction, remote sensing mapping and
other applications [1,2]. However, shadow will also cover the ground objects, resulting
in attenuation or loss of the effective information of the ground objects, which brings
difficulties to the interpretation of remote sensing image target recognition, feature ex-
traction and image matching. With the continuous development of sensor technology,

⋆ Corresponding author
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sub-meter high resolution image has been more widely used in urban planning, road map-
ping and other fields [3-5]. In high-resolution images, the categories of objects are more
precise, and the objects are easily affected by shaded areas, which makes the extraction
and recognition of objects difficult. Therefore, further improving the precision and accu-
racy of shadow detection of high-resolution images has important application value and
significance for urban planning and natural disaster assessment.

In the early days, people mainly used color transformation to detect shadow in color
remote sensing images. Kumar et al. [6] used color and geometric position of image to
extract shadow region. Srikantha et al. [7] carried out shadow extraction through image
color region segmentation and image reproduction, combining with dynamic range com-
pression. Zhang et al. [8] designed a shadow detection algorithm by analyzing the differ-
ence in pixel brightness values of RGB channels in shaded areas and non-shaded areas
and combining the idea of seed filling with difference operators and covariance operators.
Using color feature to extract shadow had certain application value, but it was not good
for high-resolution image with higher complexity of features.

Because of the different characteristics of the shadow in different bands, the algebraic
operation of the band can extract the shadow. Abd-El et al. [9] constructed a normalized
blue-red band index to distinguish vegetation and shadow according to the difference in
the decline amplitude of radiation brightness of blue and red bands in the shadow area,
but this method was difficult to distinguish shadow from red and blue ground objects.
Shi et al. [10] calculated the difference ratio of green and blue wave segments and ex-
tracted shadows by combining with histogram threshold segmentation of near infrared
band. This method could not extract shadows effectively in complex atmospheric and
ground conditions. Wang et al. [11] carried out shadow extraction through linear calcula-
tion and nonlinear calculation between bands and combined with digital elevation model.
This method would cause loss of data accuracy, and the accuracy of shadow extraction
was easily affected by image quality.

Ward et al. [12] proposed a radiation model based on direct light and reflected light,
and used the difference of direct light and reflected light to extract shadow regions. How-
ever, this method required the height and Angle attributes of the sun, which had obvious
limitations and high cost, it was not conducive to its implementation. Du et al. [13] pro-
posed a shadow segmentation algorithm that could make use of histogram threshold, but
this method had the problem of poor threshold segmentation effect. Fu et al. [14] proposed
a shadow detection model using HIS changes, which used shadow index to distinguish
shaded areas from non-shaded areas, but this method had a high misjudgment rate.

Therefore, we propose a novel object shadow detection threshold segmentation method
based on information fusion in remote sensing images. Our main contributions are as fol-
lows.

1. Object shadow pixels are firstly screened using intensity and chromaticity information
in HSI color space.

2. The remote sensing image is carried out by principal component analysis (PCA) to
obtain the first principal component. A new shadow index is constructed using the
results obtained from HSI and the first principal component.

3. Based on the results of the above two information fusion, a threshold segmentation
model is established using the improved threshold segmentation algorithm between
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the maximum and the minimum threshold segmentation algorithm, so as to obtain the
final object shadow detection results.

2. Related Works

At present, some scholars have summarized some shadow detection methods. For exam-
ple, Hou et al. [15] summarized and classified the existing shadow detection methods of
remote sensing images, and put forward the problems of generalization and robustness
that needed to be solved in the current shadow detection research. Liu et al. [16] mainly
introduced several cloud detection methods for common satellite data. By comparing dif-
ferent shadow detection methods, they pointed out that existing methods had problems
such as weak universality and missing judgment and misjudgment for thin and transpar-
ent clouds. Mahajan et al. [17] reviewed shadow detection methods from the aspects of
classical algorithms and machine learning methods, compared and analyzed the detection
accuracy of the two types of methods in different scenarios. Based on a large number
of domestic and foreign references, this paper summarized the existing shadow detection
methods into three categories: Threshold method, spatial change detection method and
machine learning method. Threshold method is a widely used shadow detection method,
such as the early shadow coverage extraction of single image [18], pixel level shadow
detection for a series of Landsat satellites [19], and the new Sentinel-2 satellite shadow
detection. The Fmask (Function of mask) algorithm proposed by Zhu et al. [20] had been
integrated into the basic remote sensing camera processing flow of U.S. Geological Sur-
vey (USGS). The spatial change detection method used the spatial change information of
multi-period images to achieve higher cloud detection accuracy than that of a single im-
age [21]. Machine learning methods include traditional machine learning methods, such
as Support Vector Machine (SVM), Artificial Neural Network (ANN), Random Forest
(RF), etc. It also includes the most popular methods of deep learning. Among them, tra-
ditional machine learning methods are trained through a large number of training sets,
and the trained classifier is used to separate shadow pixels and clear sky pixels [22,23].
However, the deep learning method is driven by a large number of marked samples of
shadows and adopts an algorithm framework with semantic information extraction and
learning such as convolutional neural network to achieve the purpose of shadow detection
[24].

2.1. Thresholding Method

The threshold method is to separate the cloud and the ground object by using the dif-
ferent spectral characteristics of the cloud and the underlying surface, and compare the
detected value of the pixel with the threshold value to determine whether it is the ground
object or the cloud. The key of this method lies in the determination of threshold. In the
early stage, most of them are fixed threshold method. Later, dynamic threshold, adaptive
threshold and multi-band combination threshold are developed, and different thresholds
can be selected according to different conditions. In recent years, the threshold method
has been further developed on the basis of the existing development. For example, based
on the Fmask (Function of Mask) algorithm, the Fmask 4.0 algorithm [25] is further de-
veloped to improve the cloud detection method. The improvement mainly includes three
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aspects: First, the integration of auxiliary data, in which the Global Surface Water Occur-
rence (GSWO) data is used to improve the separation of land and water, and the global
digital elevation model is used to standardize the tropical and cirrus zones. Second, a new
cloud probability is developed, which uses the cloud probability based on Haze Optimized
Transformation (HOT) to replace the temperature probability of Sentinel-2 image, and
then corrects the global optimal threshold of cloud probability for different sensors. The
Spectral Context-Contextual Snow Index (SCSI) is created to better differentiate snow/ice
and clouds in polar regions. Landsat 4-8 and Sentinel-2 data are used for training and ver-
ification, and the results show that the overall accuracy of Fmask 4.0 algorithm is higher
than that of Fmask algorithm. Different from Fmask 4.0 Algorithm, which used fixed
threshold to perform cloud detection, Chang et al. [27] proposed an improved cloud de-
tection algorithm-generating (CDAG) method based on automatic threshold. According
to the characteristics of GF-6 WFV data, the CDAG method is improved from the two as-
pects of adding bright surface pixel database and band combination. The results show that
the improved CDAG cloud detection algorithm can achieve better recognition effect in
the cloud recognition of GF-6 WFV data. However, due to the lack of short-wave infrared
band of GF-6 WFV sensor, the improved CDAG method cannot identify cloud pixels
in ice and snow regions. In summary, the threshold method is simple, high computation
speed and easy to implement. However, its disadvantage is that the setting of threshold
requires more prior knowledge and human participation, and the subjectivity is strong.
Moreover, different strategies and thresholds are required for images taken by different
sensors, different periods or places, which limits the universality of the method.

In addition to the spectral information, the spatial information of the image can also
be used as the feature to set the threshold method for cloud detection. With the continu-
ous improvement of spatial resolution of remote sensing images, cloud texture presents
unique characteristics. Fractal dimension and gray co-occurrence matrix can be used to
quantitatively express texture features. Fractal dimension is used to describe the complex-
ity of fractals. In remote sensing images, the complexity of ground objects is higher than
that of clouds, so the fractal number of ground objects is greater than that of clouds, so as
to distinguish the two. The angular second order moments in the gray co-occurrence ma-
trix reflect the texture law. Clouds in the image have larger angular second order moments
than ground objects, which can distinguish them. Xu et al. [27] proposed a cloud detection
algorithm combining spectral threshold and texture features, and used this algorithm to
detect the cloud of hyperspectral remote sensing images captured by the Hyperion sensor
of EO-1 satellite, which not only greatly improved the cloud detection accuracy of remote
sensing images, but also met the requirements of fast cloud detection of space-borne hy-
perspectral images. In addition, Calin et al. [28], aiming at cloud detection in infrared
images, adopted a method combining fractal dimension and gray co-occurrence matrix
to effectively realize cloud detection in infrared images. Due to the complexity of cloud
spatial information, cloud detection methods based on cloud texture characteristics were
easy to cause a small number of clouds in the image to be missed, resulting in certain
errors.

2.2. Spatial Change Detection Method

The presence of cloud on remote sensing image will significantly affect the radiation
change of image, which is the basis of cloud detection based on spatial change. The prin-
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ciple of spatial change detection method is to detect clouds and shadows by using the
temporal characteristic changes of multi-temporal remote sensing images. For example,
Zhang et al. [29] proposed the Multi-Temporal Cloud Detection (MTCD) method. The
cloud detection results of FORMOSAT-2 and Landsat 5, 7 remote sensing images were
better than those of artificial labels. However, MTCD required time series images and
had high requirements on images, so its application in some sensors was limited. Zhang
et al. [30] proposed the Multi-Temporal mask method, an automatic detection algorithm
for cloud/cloud shadow and snow in multi-temporal landsat images. Based on the Fmask
method, the time information of cloud-free pixels in multi-temporal remote sensing im-
ages was added to improve the cloud detection accuracy. Automatic time-series Analysis
(ATSA) used the unsupervised classification method to detect clouds in time series im-
ages, and analyzed the geometric relationship between the sun’s azimuth Angle, altitude
Angle and clouds to detect cloud shadows. In the cloud detection experiment of multi-
sensor remote sensing images, the detection effect of ATSA method was superior to that
of Fmask. Sorasak etc. [31] presented Multi-temporal Cloud Masking (MCM) method, the
method was used in tropical and subtropical environment Landsat 8 cloud/cloud shadow
detection. Compared with Landsat 8 Cloud Cover Assessment (L8CCA) proposed by
Candra et al. [32], MCM method could achieve higher accuracy. In addition, Qiu et al.
[33] developed a cloud detection method with Cirrus cloud mask (Cmask), which used
cirrus band (spectrum range 1.36-1.39) to detect cirrus cloud in Landsat 8 time series
images [34].

Compared with the threshold method, on the one hand, the spatial change detection
method adds time information into the cloud detection process, which makes the method
more suitable for cloud detection of time series remote sensing images. On the other hand,
because the method relies on time information for detection, the application scenario of
this method is limited.

2.3. Temporal Substitution Method

With the rapid development of data fusion technology, cloud removal methods based
on multi-phase image replacement also have a certain development. The cloud removal
method based on multi-phase image replacement uses cloudless pixels to replace cloud-
less pixels according to certain principles to achieve the purpose of generating clear sky
images. For example, the Closest Spectral Fit (CSF) [35] cloud removal method, which
used cloud images and cloud-free images taken at different times in the same region to
replace pixels to achieve cloud removal. CSF achieved high accuracy in cloud removal for
Landsat and Quick Bird images. Moreover, the accuracy of the method was not affected
by the size, thickness and density of the cloud. Similar to the principle of CSF, Liu [36]
replaced the cloudless pixel in Radarsat-2 fully polarized SAR image with the least spec-
tral difference from the pixel with cloud region in Landsat 8 OLI false color image by
weighted Euclidean distance, and realized cloud noise removal and repair in Landsat 8 re-
mote sensing image. This method could integrate the advantages of microwave and optical
images to achieve cloud region restoration of multi-spectral images and achieve a better
cloud removal effect. In addition, Huang et al. [37] proposed a method to reconstruct
cloud region information by using the correlation of multi-temporal images. First, images
at different times were obtained with similar cloud-free patches to reconstruct cloud pol-
lution regions, and then Poisson equation was used to globally optimize the filled cloud
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images to improve the radiation inconsistency problem. Li et al. [38] further proposed a
joint determination method to replace Poisson equation to reconstruct and optimize cloud
pollution images. Compared with the original method, the optimized method performed
better in terms of radiation accuracy and consistency. Ji et al. [39] proposed an auto-
matic cloud removal algorithm, which firstly used temporal similarities of multi-temporal
Landsat images to reconstruct the cloud polluted part, and then adopted Poisson hybrid
algorithm to further eliminate the radiation difference between the cloud-free region and
the reconstructed region. The algorithm automatically generated a cloud-free dataset for
Landsat 8 from 2013 to 2017, covering the whole of China, and the method could also
generate cloud-free time series images for other satellites.

The cloud removal method based on multi-phase image replacement can make full
use of existing images to achieve the purpose of cloud removal, but the prerequisite for
the application of this method is not only to solve the registration and correction problems
between different images, but also to solve the radiation difference between the original
image and the corrected image, and to ensure that multiple sensors obtain remote sensing
data in the same area, which is very demanding.

3. Proposed Object Shadow Detection Model

Considering the accuracy and real-time detection requirements, this paper presents an
object shadow detection threshold segmentation method based on information fusion. The
detailed detection structure is shown in Figure 1.

Fig. 1. Proposed detection flowchart

3.1. HSI Color Space Transformation

According to lighting model in reference [40], the brightness of an object mainly comes
from ambient reflected light, diffuse reflected light and specular reflected light, which can
be expressed as:

I = Iaka + Ipkd cos θ + Ipks cos
n φ. (1)

Where Ia is the ambient brightness. ka is the ambient reflection coefficient of the
object surface. Ip is the intensity of direct light source. kd and ks are the diffuse and
specular reflection coefficients of the object surface to the light source, respectively. θ is
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the incidence Angle of the direct light source. φ is the Angle between the mirror reflection
direction and the camera observation direction. n is the convergence index of specular
reflected light. When the direct light in the scene is partially or completely blocked by the
object and the shadow appears, the diffuse reflection and specular reflection of the direct
light source in the area will be significantly reduced, so the brightness of the shadow area
can be expressed as:

I ′ = Iaka + λIp(kd cos θ + ks cos
n φ) < I. (2)

Where, 0 < λ < 1, whose size is determined by the spatial position of the pixel or
area in the scene. Through the above analysis, it can be found that a prominent feature
before and after the shadow appears in the background area is that the brightness of pixels
in the current frame is lower than that of corresponding pixels in the background, so the
shadow can be screened by brightness changes.

The perceived color characteristics of an object depend on the spectral reflection char-
acteristics of the object surface, independent of changes in the scene and light. When the
brightness of an object changes, the color information perceived by human eyes is basi-
cally unchanged, that is, chroma is independent of brightness. For example, the normal-
ized color feature RGB in rgb space, UV component in YUV space, hue H and saturation
S in HSI space, etc. Therefore, it is possible to distinguish the target from the shadow
by using the approximately identical chromaticity of the pixel in the shadow area and the
corresponding background area.

HSI color space clearly expresses Hue, Saturation and Intensity changes and greatly
simplifies the workload of image analysis and processing. Therefore, this paper selects
HSI color space for preliminary screening of shadows. According to the above analysis
of color characteristics, compared with the corresponding background region, the bright-
ness information of the shadow will change greatly, while the hue H and saturation S
remain basically unchanged. According to the above characteristics, shadow pixels can
be detected by satisfying equation (3), i.e.,

S1 =

{
127 α1 ≤ P i

F /P
i
B ≤ α2

255 others
(3)

Here, |Ph
F − Ph

B | ≤ β, |P s
F − P s

B | ≤ γ. S1 is the screened shadow region. h, s and i
respectively represent hue, saturation and brightness after the normalization of HSI color
space. Ph

F , P s
F , P i

F and Ph
B , P s

B , P i
B represent h, s and i values corresponding to pixel

point P in the current detection image F and background image B respectively. α1, α2, β
and γ are the shadow discrimination thresholds of each color component. Threshold set-
ting is to select the weak threshold from the optimal threshold range obtained by manual
experiment, so as to screen out the shadow area more adequately.

3.2. Principal Component Normalization Method

Principal component analysis method can reduce the dimension of data and reduce the
redundancy of data [41,42]. For different remote sensing images, different bands can be
selected for principal component analysis. Different eigenvalues can be obtained by prin-
cipal component analysis of different wavebands. The larger eigenvalue denotes the bet-
ter corresponding eigenvector. For remote sensing images, since the variance contribution
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rate of the first principal component is usually above 90%, the first principal component
image can represent most of the information of the original image. The original image
and the first principal component image are shown in Figure 2.

Fig. 2. Diagram of principal component analysis results. (a) original image; (b) First prin-
cipal component image; (c) Second principal component image; (d) Third principal com-
ponent image

As can be seen from Figure 2(b), after principal component transformation, the bright-
ness of the shadow region is greater than that of other ground objects, which is conducive
to further shadow extraction. According to ENVI analysis, the shadow region is always at
both ends of the first principal component, that is, at the maximum value of positive value
and the minimum value of negative value. Therefore, normalization of the first principal
component within [0,1] can better highlight the difference between shadows and other
features.

3.3. Shadow Index Construction

After the color component C is extracted from the remote sensing image through HSI con-
version of color space, the blue light value of the shadow area is larger than that of the red
and green light value, which enhances the contrast with other ground objects. After prin-
cipal component transformation of remote sensing image, the shadow region is located
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at two endpoints of the first principal component. Through normalization, the shadow re-
gion occupies a larger value in the first principal component than other features, which
is similar to the C component. Inspired by the similarity, this paper proposes a shadow
index construction method combining C component and first principal component. The
shadow index is expressed as follows:

shadow − index =
C − PC1

C + PC1
. (4)

3.4. Weighted Threshold Segmentation

In the task of shadow detection, in order to detect the shadow region more conveniently,
the three channels of RGB image are first separated to obtain the single channel informa-
tion of R, G and B, and then the linear weighting algorithm of Equation (5) is used for
information fusion processing between channels. Set the three channels of remote sensing
image as R, G and B respectively, then the weighted gray value Igray is:

Igray = 0.2R(x, y) + 0.6G(x, y) + 0.2B(x, y). (5)

After gray linear processing, the pixel intensity of the shadow part is lower than that
of the non-shadow area. With the gray level intensity of 0-255 pixels as the horizontal
coordinate and the frequency of each gray level pixel intensity as the vertical coordinate,
the functional statistical mapping relationship between gray level intensity frequency and
gray level intensity in remote sensing images is established.

In the gray distribution diagram (Fig.3 (d)), the area with low gray level is the shadow
area, while the area with high gray level is the non-shadow area. The gray value changes
of the shaded area are more concentrated, and the distribution range of the non-shaded
area is more extensive than that of the shaded area. The trough between two crests is
used as the threshold to segment the shadow region, although it can be recognized, but the
segmentation and recognition effect is poor. At present, the most common method is to es-
tablish the threshold segmentation model based on pixel intensity by using the maximum
inter-class variance method, and determine a threshold by using the threshold segmenta-
tion model adaptively. However, the method of determining the boundary threshold be-
tween shadow and non-shadow regions based on the maximum inter-class variance only
describes the variance distance between shadow and non-shadow categories, and does not
take into account the differences within each category. In this paper, a constraint term of
minimum in-class variance is added to the maximum category variance. First, it calcu-
lates the maximum variance distance needed to distinguish between the two categories.
The larger distance denotes the better the classification effect of shadow and non-shadow.
Then it calculates the minimum variance distance between the elements in each class. The
smaller minimum variance distance denotes the more dense the elements in the class, in-
dicating that the probability of each gray pixel belonging to the same category is greater.
The detailed steps are as follows.

1. Set the gray value interval of the shadow region and the non-shadow region in the
remote sensing image as [0,m], then the number of gray values of all pixels is shown
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Fig. 3. Gray value distribution map. (a) original image; (b) Grayscale linear processing
graph; (c) One-dimensional histogram of (a); (d) One-dimensional histogram of (b)
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in Equation (6), the probability of each gray level is shown in Equation (7), and the
overall gray mean µall is shown in Equation (8):

N =

m∑
i=0

h(i). (6)

pi =
h(i)

N
. (7)

µall =

∑m
i=0(h(i)× i)∑m

i=0 h(i)
. (8)

Where i is the gray level of the gray distribution map. h(i) is the frequency corre-
sponding to the gray level i. m is the maximum gray level of the gray distribution
diagram (255 in this paper). µall indicates the global average gray level.

2. Let T be any gray value of the interval [0,m]. T is used as the segmentation thresh-
old, and the image of shadow area and non-shadow area is divided into gray interval
[0, T ] and [T +1,m], which are denoted as C1 and C2 respectively. Formula (9) and
formula (10) are used to calculate the average gray level µC1 and µC2 of the two parts
respectively.

µC1 =

∑T
i=0(h(i)× i)∑T

i=0 h(i)
. (9)

Where i is the gray level of the dark pixel in the shadow area in the gray distribution
map. h(i) is the corresponding frequency of gray level i of dark pixel in shadow
region. T is the threshold of boundary between shadow area and non-shadow area.
µC1 is the average gray level of C1 region.

µC2 =

∑m
i=T+1(h(i)× i)∑m

i=T+1 h(i)
. (10)

Where i is the gray level of bright pixels in the non-shadow area of the gray distribu-
tion map. h(i) is the corresponding frequency of gray level i of bright pixel in non-
shadow area. T is the threshold of boundary between shadow area and non-shadow
area. µC2 is the average gray level of the C2 region.

3. Equations (11-14) are used to calculate the variances of C1 in the dark shadow region
and C2 in the bright non-shadow region respectively.

wC1 =

T∑
i=0

p(i). (11)

wC2 =

m∑
i=T+1

p(i). (12)

σC1 =

∑T
i=0(i− µC1)

2 × h(i)∑T
i=0 h(i)

. (13)

σC2 =

∑m
i=T+1(i− µC2)

2 × h(i)∑m
i=T+1 h(i)

. (14)
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4. Formula (15) is used to calculate the maximum intra-class variance, maximum inter-
class variance and the optimization evaluation function. The maximum intra-class
variance σw at the threshold T is:

σw = wC1σC1 + wC2σC2. (15)

The maximum inter-class variance σb at the threshold T is:

σb = wC1(µC1 − µall)
2 + wC2(µC2 − µall)

2. (16)

To ensure the optimal segmentation threshold, two conditions are required: one is that
the variance between the shaded part and the non-shaded part is the largest; the other
is that the variance within the shaded area and the non-shaded area is the smallest. In
order to describe this phenomenon, the segmentation optimization function is defined:

ζ(T ) = max(σb(T )/σw(T )). (17)

Where ζ is the optimization factor, and the iterative method is used to traverse all
gray levels, then the threshold T corresponding to the largest optimization factor is
the optimal segmentation threshold.

5. Set the above threshold T [43], and use Equation (18) to segment the image:

Segmentation =

{
255 Optimalthreshold > T

0 otherwise
(18)

4. Experiments and Analysis

After analyzing the experimental process and data, the accuracy rate (ACC) and false de-
tection rate (FDR) are selected as the evaluation indexes of remote sensing image shadow
detection effect [44,45]. The data set for this article is derived from Google Earth and
DOTA [46]. Due to the limited content space, we choose four sets of images as experi-
mental results analysis. Figure 4 is the sample data set.

Firstly, we obtain the one-dimensional and two-dimensional histogram of the four
samples, in order to understand the pixel distribution of the original image more clearly.
The results are shown in figure 5 and figure 6. The results show that the distribution of
pixels in the original image is very uneven.

Figures 7,8,9 show the color map, threshold segmentation diagram and shadow detec-
tion effect diagram with the proposed algorithm in four scenes.

This paper is compared with three advanced shadow detection methods including
DUS [47], MUSA [48], MUCS [49]. Table 1 shows that the accuracy rate and false detec-
tion rate of the proposed method on the data set are superior to the other three methods.
It can be seen from the data in Table 1 that the shadow detection results in this paper are
better than other methods.

For image 1, the accuracy of the proposed method is 95.4%, which is 6.0%, 4.1% and
7.1% higher than that of other methods, respectively. The FDR values of DUS, MUSA
and MUCS are 12.51, 9.45 and 7.28 respectively, which are 6.29, 3.33 and 1.16 higher
than that of the presented method in this paper (6.12). For image 2, ACC values of DUS,
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Fig. 4. Sample images

Fig. 5. One-dimensional histogram
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Fig. 6. Two-dimensional histogram

Fig. 7. Colour map



Threshold Segmentation Based on Information Fusion... 1235

Fig. 8. Threshold segmentation

Fig. 9. Shadow detection result
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Table 1. Comparison with other detection methods

Test image Index DUS MUSA MUCS Proposed

Image1 ACC 0.894 0.913 0.937 0.954
Image1 FDR 12.51 9.45 7.28 6.12
Image2 ACC 0.875 0.886 0.907 0.935
Image2 FDR 17.32 14.81 10.64 9.78
Image3 ACC 0.907 0.928 0.935 0.961
Image3 FDR 14.69 11.58 10.44 8.94
Image4 ACC 0.863 0.892 0.917 0.934
Image4 FDR 18.52 16.74 13.55 10.95
Image5 ACC 0.906 0.915 0.921 0.946
Image5 FDR 11.85 9.93 8.31 7.25
Image6 ACC 0.885 0.891 0.907 0.922
Image6 FDR 13.25 11.74 9.33 7.21
Image7 ACC 0.927 0.939 0.951 0.960
Image7 FDR 11.24 8.11 7.58 6.93
Image8 ACC 0.902 0.927 0.933 0.958
Image8 FDR 12.35 11.26 9.75 7.07

MUSA, MUCS and proposed method are 87.5%, 88.6%, 90.7% and 93.5%, respectively.
Obviously, the proposed method has some advantages over the other three methods. The
FDR value of the method in this paper is 9.78, which is significantly lower than the other
three methods. Similarly, in the other 7 images, the new method in this paper also has a
similar trend. Also, we can see similar characteristics from Figure 10.

The running efficiency of the algorithm is also an important index to evaluate the
performance of the algorithm. In order to measure the running efficiency of the algorithm
proposed in this paper, the running time of different methods is given in Table 2. The
visualized result is shown in Figure 11.

Table 2. Detection time with different methods/s

Test image size DUS MUSA MUCS Proposed

Image1 2610× 3931 5.71 4.66 4.25 3.36
Image2 936× 913 3.04 2.89 2.37 1.24
Image3 1104× 1103 4.71 3.47 2.86 2.35
Image4 1648× 1732 3.97 3.65 3.17 2.83
Image5 1112× 1026 4.56 3.74 3.25 2.84
Image6 1113× 1015 3.75 3.23 2.77 2.51
Image7 1289× 1302 3.82 3.31 2.86 2.55
Image8 673× 594 3.87 3.19 2.64 2.36
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Fig. 10. Evaluation index comparison results

Fig. 11. Results of Table 2
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5. Conclusions

Aiming at the low accuracy and robustness of shadow detection under single feature, one
new threshold segmentation method based on information fusion for object shadow de-
tection is presented in remote sensing images. Firstly, object shadow pixels are screened
using intensity and chromaticity information in HSI color space. Secondly, the remote
sensing image is carried out by principal component analysis (PCA) to obtain the first
principal component. A new shadow index is constructed using the results obtained from
HSI and the first principal component. Thirdly, based on the results of the above two
information fusion, a threshold segmentation model is established using the improved
threshold segmentation algorithm between the maximum and the minimum threshold seg-
mentation algorithm, so as to obtain the final object shadow detection results. Finally,
affluent experiments are conducted on the datasets collected from Google Earth. Exper-
iments show that the proposed algorithm can accurately and quickly detect the shadow
parts in the former scenic area, and has good robustness to the situation where the scene
illumination changes or the local texture of the object is not obvious, which lays a good
foundation for the accurate tracking and recognition of the target in the later stage.

Overall, the current cloud detection methods still have some limitations, and some
areas need to continue to improve. In terms of cloud detection, there is almost no general
algorithm that can detect cloud and cloud shadow on sensors, and different methods have
different application conditions and scopes. Because some large-scale tasks require mas-
sive remote sensing image data, especially in some tasks that require intensive time series
data and require multi-sensor data to work together, the existing cloud/shadow detection
methods are limited in scope of application and poor in generalization. In addition, the ac-
curacy of cloud detection will be affected by the background information of remote sens-
ing images, such as ice and snow, which often cause misjudgment and missing judgment
during detection, and the robustness is poor. In order to achieve a better cloud detection
effect, auxiliary images with sufficient time continuity and non-overlapping cloud regions
are needed, and the application prerequisite is high. At the same time, the problem of im-
age registration and calibration across sensors and radiation difference between images
should be solved.
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Abstract. Tourism has become an economic engine for several countries during
the last decades. Each time more and more individuals consider visiting other places
during their vacation period. These places cover very different options, from the typ-
ical beach and mountain tourism to the less common urban and cultural trips. These
travels hoard multiple transport means and facilities in the destination place that
have to be correctly managed. Therefore, the rise of automatic systems to address
the related operations and processes is a crucial issue nowadays. These systems are
usually focused on the final users (the tourists) and make recommendations about
their available possibilities. However, it is not easy to find a multi-purpose recom-
mendation system covering all the needs from the perspective of the travel agency.
In this paper, a complete framework called Pharaoh able to make recommenda-
tions to customers covering the final user perspective, and to provide support to the
travel agents, is presented. This assistance filters the best travel, accommodation,
and activity options according to the desires of the customers. This novel function-
ality allows selecting the customer with the best propensity to book a tourist ser-
vice. This workload is distributed using a bio-inspired Multi-Agent System (MAS).
Moreover, Pharaoh considers the feedback from clients after the completion of the
tourist opportunity to improve future recommendations. Several experiments in real
environments have been addressed to show the viability of the proposal. It can be
concluded that the system enhances the quality of the service provided by the travel
agency and its profits.

Keywords: Tourism, Recommendation system, Propensity assessment, Intelligent
agents, Smart assistant framework

1. Introduction

Today, tourism is one of the world’s most profitable industries [10]. Each year several
tourists travel to visit famous cities and mythic architectures or to meet new cultures

⋆ It is an advanced release of a previously published conference paper: Moreno, R., Viajes, M., Fernández-
Isabel, A., de Diego, I. M., Moguerza, J. M., Lancho, C., & Cuesta, M. (2022, September). Automatic
detection of potential customers by opinion mining and intelligent agents. In 2022 17th Conference on
Computer Science and Intelligence Systems (FedCSIS) (pp. 93-101). IEEE
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and ways of living. Moreover, other tourists only look for revelry or calm and relaxation
during vacation time, where wonderful landscapes and beaches light up the stage [42].

All these travel events produce the use of several means of transport like airplanes,
trains, buses, and cars [12]. These events generate millions of bookings in hotels, apart-
ments, and other similar buildings specifically dedicated to hosting tourists.

All these issues must be managed by travel agencies, retrieving the information from
destination places, and the preferences of the different tourists [34]. Therefore, the ap-
pearance of systems focused on providing support to the final user (the tourist and the
travel agent) that simplifies the booking process is necessary.

Furthermore, travel agents also need support to provide customers with the most in-
teresting options to capture their interest. Therefore, systems able to manage this task
automatically, making recommendations of the most suitable places and trips, or select-
ing the best transport schedules according to the client´s needs are also basic [46].

Nevertheless, these systems have their limitations. The main bottleneck consists of
the difficulty of elaborating budgets by the travel agency employee. It is a very time-
consuming task since the configuration of a trip increases its complexity when multiple
destinations are selected. Another relevant problem is the typical inability to provide feed-
back about the tourist services offered to clients. This point is essential for travel agencies
because they need to know if the work achieved was adequate and if customers were sat-
isfied after finishing the contracted tourist event. In this sense, the recommendations that
filter the initial preferences of the clients are the key point. These usually mark the proper
evolution of the tourist services, as they must capture the interest of the client in the first
instance.

The COVID-19 outbreak is another point to consider in the tourism area. The pan-
demic situation all over the world has caused governments to implement several restric-
tions to control the spreading of the coronavirus. This has had a drastic impact on the mo-
bility of the population, reducing the number of travels, and, as a consequence, tourism
has suffered significant economic losses [6]. However, with the advances in vaccination
programs and the relaxation of the measures against the contagion of the virus, the rise of
tourism is going to become a reality very soon.

For these reasons, it is mandatory the development of a complete framework that
can cushion this new growing demand. This system must be able to address the weak
points detected, managing and encompassing all the possible issues produced since a
client shows interest in a tourist event, providing support to the travel agent in the selection
of the possibilities, and finally obtaining the feedback of the client when the tourist service
concludes.

Notice that the strength of a framework of this type lies in the management of tourist
packages where multiple destinations and services are contracted. Typical examples of
these trips are, among others, honeymoons and cruises.

In this regard, this paper presents the Pharaoh framework. It is an automatic analytical
Enterprise Resource Planning (ERP) and Costumer Relationship Management (CRM)
system for Travel Agencies that includes several graphical assistants to provide complete
support to travel agents and tourists. Its novelty resides in the next points:

– It covers all the processes related to tourist services sales, focusing mainly on the
interest of the client and the specific bargains that fit better for the travel agency.
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Thus, travel agents and clients are guided synchronously by the opinion produced by
the system at each step of the sale.

– It generates budgets in a fast way and with quotations in real time. This fact facilitates
the decision-making tasks of the travel agencies and the client can be informed at the
moment about the best individual available options or combinations in specific tourist
packages.

– It can learn from the experience and can prioritize those clients who are prone to com-
mit the book of tourist services. Notice that this ability is one of the most differential
strengths of the proposal regarding other existing approaches. An Machine Learning
(ML) model to estimate the probability of the sale has been included in the system to
achieve that point.

– Intelligent agents following a Multi-Agent System (MAS) have been included to es-
tablish communication and knowledge interchange. This MAS has been built accord-
ing to the rules of a bio-inspired anthill, efficiently promoting the distribution of the
workload [35]. This is relevant because companies usually need real-time interac-
tions to satisfy the requests made by customers and maximize the benefits through
saving computer resources (e.g., possible expenses in specific cloud computing ar-
chitectures).

A set of experiments has been achieved to show the viability of the proposal. The
module in charge of selecting the best clients has been tested independently to evaluate
its potential. Then, the complete system and its functionalities have been put into the
spotlight. Promising results have been obtained from these tests.

The remainder of the paper is organized as follows. Section 2 introduces the founda-
tions and relevant literature. Section 3 details the architecture and the different features
of Pharaoh. Section 4 presents a set of experiments to illustrate the performance of the
system. Finally, Section 5 concludes and provides further guidelines.

2. Background

This section introduces the foundations of the Pharaoh framework, covering the different
perspectives included in it together with the existing state of the art in the tourism domain.
First, an overview related to the knowledge management systems is achieved. There, it is
detailed how this kind of system works, and similar approaches that provide interesting
features are addressed. Second, recommendation systems are introduced explaining how
they are used in real environments. The different perspectives of these systems are also
detailed in this point. Finally, previous approaches oriented to managing tourism-related
processes by travel agencies and customers are presented.

2.1. Recommendation systems

Recommendation systems are mainly focused on filtering the information they store. This
filter is flexible and adaptable to the requirements and interests of the users [1].

Delving into the filtering process, these systems produce a profile for each one of
the users. This profile contains the different parameters that are used to measure (and
consequently compare) the interests of the user.
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The parameters that produce the user´s profile can be provided to the system dur-
ing the registration process of the user, or they can be included and modified during the
interaction of the user with the system. This latter is the more relevant, as it allows the
system adaptation to possible fluctuating opinions and interests of the users. Moreover,
it also eases the improvement of the system, making it more accurate in the recommen-
dations each time, as it can know if the previous recommendations were satisfied for the
user. A well-known instance of this approach is the recommendation systems based on
reinforcement learning [24].

Recommendation systems usually use three main perspectives to achieve the recom-
mendation process: the selected topics, the relevance of the content, and the associated
reputation. Notice that these perspectives are not excluded and they could be found mixed
in some recommendation systems.

Systems that consider the topic recommendation perspective focus on the most com-
mon elements the users usually select. Thus, the software learns from the user according
to the preferences [30]. For instance, if a user shows interest in beach destinations on a
travel website, the recommendations should be related to other beach spots they might find
appealing. This method aims to offer visitors new yet potentially attractive destinations,
based on the preferences of users with similar profiles.

Systems for the relevance of content perspective are focused on the importance or
popularity of the element to make recommendations. This importance is measured ac-
cording to the number of users interacting with the product. Thus, these systems usually
generate popularity rankings to promote the easy consultation of the products [25]. In
tourism recommendation systems, if a point of interest attracts many visitors and stands
out for its popularity at a given time, the system highlights it, presenting it among the top
suggestions to the user.

A system based on reputation provides recommendations according to the obtained
feedback [32]. In hotel competitiveness, where good service is crucial, positive feedback
boosts the hotel’s importance, improving its reputation. In contrast, negative feedback
lowers its value, affecting its place in the market. They are specifically designed to reduce
the uncertainty for the users and facilitate trust between entities [7]. A well-known in-
stance is shared online where several users sell different products. Those systems usually
support products and users with a better reputation.

In the case of the Pharaoh framework, it is a recommendation system that includes
the three perspectives. Thus, it can organize different travels according to the topic (e.g.,
business, relaxation, or party among others), according to the relevance (e.g., well-known
travel companies can be filtered), and also according to the reputation thanks to the feed-
back the users can provide when the travel finishes. Moreover, the system can also make
recommendations to the travel agent regarding the possible customers. Therefore, this fact
could be classified into the relevance-based recommendation perspective.

2.2. Intelligent agents to distribute the workload

Intelligent agents are software abstractions able to establish communication channels (di-
rect or indirect), sharing a common environment. There, they interact with other agents
and with the environment extracting and providing different pieces of information. These
particularities allow the agents to simulate complex behaviors from the real world [18].
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Fig. 1. Main concepts of INGENIAS for developing MASs

Regarding the features of the agents, they are proactive, autonomous, and independent.
Agents base their knowledge on predefined rules to tackle the raised problems. Their
ability to interact can be exploited to solve complex issues or to distribute the workload
with certain coordination.

The life cycle of intelligent agents consists of satisfying a collection of goals following
the knowledge available (from a predefined set of rules or dynamically acquired from the
environment or other agents), and through several associated concepts (see Fig. 1). These
goals can be independent, or they can be organized hierarchically. This latter promotes
the idea of having sets of sub-goals that accomplish other goals at higher levels when they
are satisfied. Goals are associated with a task (or a set of them) that is executed by the
agents. Both goals and tasks are elements of the mental state of agents. This mental state
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plays the role of a mind, being the place where the set of rules and knowledge are stored.
Therefore, it supports the execution of the tasks and the satisfaction of the goals.

On the other hand, agents can take advantage of their ability to interact with the envi-
ronment to solve complex problems having partial or reduced knowledge about a problem.
The organization in MASs opens the collaboration, the competition, and also the nego-
tiation. Agent-Based Modeling (ABM) [43] and Agent-Oriented Software Engineering
(AOSE) [17] are standards in the domain that provide the elements and entities to address
this issue. Well-known approaches that use MASs to solve complex problems or simulate
real environments are road traffic simulations [13], distributed decision support systems
[20], bio-inspired ML-based systems [9], and computer games [44].

MASs are usually designed using specific artifacts and entities to address the develop-
ment phases of complex systems. It allows the production relationships and interactions
between agents that are graphically represented and later transformed to source code auto-
matically. INGENIAS, GAIA, Prometheus, and Tropos are well-known agent modelling
methodologies in the domain [40].

Agent platforms are usually the standard solution to implement a previously modelled
MAS. These platforms are commonly organized into source code libraries of a specific
programming language. There, they include features to ease the distribution of the agents
and manage their communication channels. Highlighted approaches in this area are JADE
(Java) [8] and MESA (Python)[26].

For the development of Pharaoh, the selected agent methodology has been INGE-
NIAS, adapting the agent model to the MESA framework for implementation purposes.
The agent model is a bio-inspired distribution model based on the organization of ant
colonies to generate a MAS distributed in several cumuli of agents (anthills) working
together or independently according to the workload of the system.

2.3. Automatic managing of tourism

Automatic tourism management is one of the basic tasks in the area due to the large
number of different processes to consider related to available offers, journey configura-
tions, marketing opportunities, and customer indications and preferences [27]. In addition,
travel agencies are evolving to manage tourist packages and customer preferences through
the Internet. This means that personal relationships and face-to-face meetings have been
changed for interactions with web pages that provide support and guidance.

The tourism management process is based on two main perspectives: the client and
the seller (i.e., the final destination or the travel agency). The first one is the most widely
addressed by the different studies and the developed systems. This issue is related to the
implementation of new technologies and e-tourism (i.e., marketing and offers of tourism
services on the Internet), which means that the tourist provider has direct contact with the
customer [21].

Regarding the approaches that automatize the different tourism-related processes,
most of the systems are recommendation systems for both perspectives.

In the case of the perspective of the travel agencies, they usually face clients who do
not know where to travel and what their preferences are. Therefore, systems able to extract
and process information from clients could provide support to the decision-making or to
select the optimal vendor from the company for that customer [23]. The information can
be textual content [28] or generated through the creation of profiles [2].
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In the case of the perspective of customers, there are several possibilities to address.
For instance, systems able to elaborate specific trip configurations for clients with spe-
cial needs are very useful [36]. However, other approaches are more general. Examples
of these general approaches are those that are focused on the selection of the best route
according to the current weather or traffic conditions [41], or the recommendation of the
best tourist trips for individuals or groups [22]. These latter are like virtual trip planner
designers [3] that are usually based on the tastes of the clients and their former trips
already completed [16]. For destination selection, similar systems have also been consid-
ered. They process the opinions of the tourists to find the most popular places for them
[48] and also produce rankings of interest [4]. Finally, the issue of finding a suitable res-
idence to live in during the journey according to the specific features of the client has
also been considered. These features are mainly the needs of the clients [14], and their
economic capacity [38].

The Pharaoh framework is mainly focused on the travel agency perspective providing
specific elements to interact with the clients. In the first case, the vendor obtains real-time
recommendations according to the indications made by the clients and their interests.
Moreover, the system presents a novel component able to inform the vendor about the
clients who are more prone to buy a tourist activity. This eases the work and increases
the profit of the agency. In the second case, clients can introduce their particularities and
interests. The system uses these to provide filtered information to the vendor.

3. The Pharaoh framework

The main objective of the Pharaoh framework is to support customers and travel agents
(i.e., the final users in the tourism domain). Therefore, the system is a ERP and CRM that
covers both perspectives related to tourist service management.

From the tourist perspective, Pharaoh provides different tourist services according to
specific preferences and features (i.e., customer searches and filters the available options).
From the travel agent’s perspective, the system makes available the most relevant tourist
services according to the preferences provided by the customer, the previously configured
ratings, and the feedback provided by former customers about previous experiences with
the tourist service of interest. Moreover, Pharaoh includes a novel functionality for easing
the selection of the optimal customers (i.e., those prone to complete the booking process
of a tourist service). This functionality allows travel agents to establish priorities and
different actions according to each customer.

The system uses several information sources to obtain the desired knowledge like
available hotels, flights, cars, etc. It also includes a visualization tool where users (cus-
tomers and travel agents) can interact. This tool is composed of different graphical assis-
tants to support the different tasks implemented by Pharaoh.

The following sections detail the architecture of the Pharaoh framework considering
the different modules and emphasizing the processes that cover its functionalities.

3.1. General architecture and modules

The architecture of the Pharaoh framework consists of five different modules: the Infor-
mation gatherer, the Tourist service manager, the Customer manager, the Travel agent
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Fig. 2. Overview of the architecture of the Pharaoh framework

manager and the Maintenance manager. These modules are completed with two knowl-
edge bases to persist the information: the Suppliers knowledge and the Tourist services
knowledge repositories (see Fig. 2). These modules are capable of carrying out the three
main processes: sale of a tourist service, customer feedback, and information update.

The Maintenance manager module serves as a central point for the maintenance of
information and common parameters used by the rest of the modules of Pharaoh. Typical
examples of maintenance of the information are related to the modifications of the tourist
resource (e.g., name changes of hotels, new appearance of companies in the market, or
permanent close events). It is also necessary to have the mapping of the same tourist re-
source from different providers to facilitate the system to generate services with different
rates. It uses the Information gatherer module to achieve these actions (see Fig. 3).

The Information gatherer module collects the information from the virtual tourism
market. This market is based on the exchange of information coming from web sources
between suppliers and consumers through XML and JSON technologies. The module re-
trieves two types of information: static and dynamic. The first is not frequently modified,
like the name, description, features, and relevant pictures. The second one fluctuates sev-
eral times daily. Typical instances of this type of information are the occupancy level
of a hotel or the rates. This information is gathered through web scraping techniques to
automate the process and stored in the Suppliers knowledge repository. It is important to
indicate that some sensible information is not stored due to contracts with suppliers, being
only passively consumed by this module.

The Suppliers knowledge repository has as the main objective to manage the acquired
knowledge corresponding to suppliers. The visual interface of Pharaoh provides specific
graphical assistants to guide the user in managing this task. The system uses this stored
information to produce automatic recommendations.

The Tourist service manager module is in charge of managing tourist opportunities
and creating personalized offers to make recommendations (see Fig. 4). These recom-
mendations are based on the calculations focused on providing the best tourism-related
resources for an operation ordered by interest. Thus, it is defined the type of each tourism
resource grouped by category. In the transport category, flights, collective public transport



Tourist services management through clients scoring 1251

Fig. 3. Except of the Maintenance manager and Information gatherer modules

(e.g., trains or buses), and renting of private vehicles are included. In the accommoda-
tion category, hotels, apartments, and similar places are considered, Finally, in the extras
category, tourist activities (e.g., tourist visits or reserved circuits in the destination) and
insurance are classified here.

The expression that provides the best tourist resources to configure a complete tourist
service (TS) is described as follows:

TS = max
k∈{1,...,|T |·|A|·|E|}

TSk =
∑

C∈{T,A,E}

θC · ScoreC (1)

where T is for transport, A is for accommodation, and E is for extras. In addition, the
θ values are weights from 0 to 1 to indicate relevance. Note that the sum of these weights
must be 1. Moreover, ScoreC is the average value of the values ScoreCj corresponding to
the selected tourist resources of the tourist service. Thus, ScoreCj is defined as follows:

ScoreCj = wC
u,j · fC

u,j + wC
e,j · fC

e,j (2)

where j ∈ {1, . . . , |C|}, where |C| is the number of elements in category C. The
values denoted with w are the weights of the partial contributions to the global score
subsequently defined.

The element fC
u,j is about the preferred variables, and it is expressed as follows:

fC
u,j =

1

n

n∑
i

preferredCj,i (3)

where preferredCj,i is a value ∈ [0, 1] indicating the feedback value provided by cus-
tomers based on their previous experience. Thus, fC

u,j is the average value of the opinions
of the customers.

In the case of the element fT
e,j , it depends on the considered category (T, A, E):
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fT
e,j = wT

quality ·qualityTj +wT
stopovers·stopoversTj +wT

time·timeTj +wT
price·priceTj (4)

fA
e,j = wA

quality ·qualityAj +wA
location ·locationA

j +wA
services ·servicesAj +wA

price ·priceAj
(5)

fE
e,j = wE

quality·qualityEj +wE
flexibility·flexibilityEj +wE

services·servicesEj +wE
price·priceEj

(6)
At each category, it is considered a set of measures with values ∈ [0, 1]. With the

Transport Category: quality means the quality of the transport, stopovers means the num-
ber of possible stopovers, time means the estimated time spent to reach the destination,
and price means the expensiveness. With the Accommodation Category: quality means
the quality of the accommodation, location means the location concerning the distance
to the tourist areas and the safety of the area, services means the level of the provided
services, and price means the expensiveness. Finally, with the Extras Category: quality
means the quality of the extra, flexibility means the flexibility in hours and hiring, ser-
vices means the level of the provided services, and price means the expensiveness. Note
that these measures are pondered by weights w whose sum is 1 for each category.

With the measures from each one of the categories, the system intends to answer the
following key questions for a trip:

– HOW: by defining the quality or level of the resource.
– WHEN: by classifying the time needed for reaching the destination.
– WHERE: by classifying the place and its surroundings.
– WHAT: by classifying the acceptability of the extra resource in terms of what is of-

fered.
– WHY: that defines the set of extras and safety offered by the resource.

The module is responsible for filtering customers according to their propensity to
complete the purchase. A propensity purchase estimation algorithm is in charge of estab-
lishing this classification. This algorithm uses classic scoring processing techniques and
two different ML methods in a two-layer architecture to categorize the clients into five
groups according to their booking probability. More details about this issue are presented
later.

The module comprises three components: the tourist services organizer, the tourist
service filter and the customer feedback gatherer. The first contains a MAS to distribute
the workload and achieve the decision-making task parcelled out. The second is in charge
of filtering activities according to the requests made by the customers, and the third man-
ages the feedback provided by these latter.

Regarding the MAS, it achieves tasks related to the ML methods using a bio-inspired
structure based on an anthill with a queen (one per anthill), soldiers and several workers
agents. The queen agent distributes the different tasks between the soldiers and builds the
final result. The soldiers organize the requests and make use of the workers to tackle the
problem. This agent architecture is relevant for applying possible load-balancing politics.
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Fig. 4. Except of the Tourist service manager, Travel agent manager, and Customer manager mod-
ules

These politics consist of creating new soldiers and workers, or even new complete anthills
to increment the capability of the system. More details about the MAS are provided in the
next sections.

The Tourist services knowledge repository stores the information related to contracted
tourist services for subsequent modifications or consultations made by the travel agents.
This information refers to the management decisions and configurations made by the
Tourist service manager module. Thus, it serves as a guide in the processes of composition
or self-generation of tourist services. The feedback returned from the customers after the
tourist service concluded is also considered.

The Customer manager module has as the main functionality to provide support to
the customer to perform the necessary operations to create a tourist activity in real-time.
This module communicates with the Tourist services knowledge and Suppliers knowledge
repositories through the Tourist service manager module to make compositions of differ-
ent elements to include in the complete tourist service. The created service is stored for
later verification and approval by the travel agent.

The Travel agent manager module has as a purpose to serve as the internal central
management point for the operations related to the tourist service creation. It is also in
charge of the review of these activities created by customers through the Customer man-
ager module. It is directly connected to the graphical interface, being able to take in-
formation about the requests made by the users. These requests are used to consult the
Tourist services knowledge and the Suppliers Knowledge repositories through the Tourist
service manager module and to obtain interesting tourist services for the user. This mod-
ule can produce a tourist activity from scratch by selecting different possibilities. Note
that the main difference for this module with respect to the previous one resides in the
configuration of privileges of the end-user (i.e., a travel agent has more privileges than a
customer).

Regarding the visual interface, it provides different configurations according to the
two perspectives: the customer and the travel agent. For the first case, the visualization
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supports the creation of travel services (i.e., a complete set of tourist activities). Graphical
assistants try to alleviate the complexity of the travel service design by reducing customer
decision-making through a finite set of guided options. When the customer approves the
travel service, it is sent to the travel agency for its management: approval or modification.
A series of exchanges take place between the customer and the travel agency until the
customer confirms the tourist service firmly and in turn is approved. Once the services
have been confirmed and the full payment has been verified, a process of sending the nec-
essary documentation is executed for the client to enjoy the service. In addition, a user
area is made available to the customer to facilitate the consultation of the travel informa-
tion and its associated legal documentation. For the second case, similar functionalities
are provided. However, travel agents have the initiative here, generating multiple travel
services for the customers. Note that more details about the sale processes are addressed
in the next sections.

3.2. Algorithm for the detection of potential customers

The Tourist service manager module contains a propensity purchase estimation algorithm.
It classifies the potential customers according to their propensity to commit the book of a
tourist service. This algorithm provides valuable information to the travel agency and en-
ables the travel agent to differentiate between good and bad clients (customers who book a
tourist service or not). The algorithm consists of three key elements: variable transforma-
tion, clustering, and classification. The first element prepares the inputs for the probability
estimation, conducted by clustering and classification methods. The second element pro-
vides an initial purchase probability, and the last element refines the probability in some of
the clusters. The algorithm’s output categorizes the probability into five groups according
to the conversion rate (i.e., the proportion of clients who finally book a tourist service).

The variable transformation element is carried out by Weight of Evidence (WoE) en-
coding [45]. This type of transformation and its benefits have been studied within the
scope of credit scoring deeply [5, 47]. It helps deal with categorical and numerical data
simultaneously; besides, it can lead to missing data with any additional technique. Tra-
ditionally, WoE encoding is used to separate bad clients from good clients, which fits
perfectly with an algorithm of propensity purchase estimation. The equation of the WoE
transformation is:

WoE = ln
%non events

%events
(7)

where events value refers to good clients, and non-events value represents bad clients.
One of the most powerful advantages of WoE for the current scope is that variables

with too many discrete values lead to numeric variables, and they will be ordered ac-
cording to a monotonic relationship to the dependent variable. WoE provides a numeric
variable that regroups huge discrete values into densely populated categories that express
information for the new category. The other great advantage that benefits the proposed
solution is that WoE is a standardized value. The former allows using Decision Tree (DT)
algorithms. Note that a tree-based algorithm can reduce its predictive potential with cat-
egorical variables with too many categories [15]. The latter allows using distance-based
algorithms like k-means clustering algorithm, which needs variables with comparable val-
ues because it employs Euclidean distance [33].
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Fig. 5. Bi-stage model for the probability estimation of propensity to commit the book of a tourist
service

The algorithm is a bi-stage model as depicted in Figure 5, that first applies k-means
clustering to achieve three clusters with different conversion rates (low, regular, high).
Secondly, for more accurate results, a DT classifier acts over the low and high clusters
by subdividing them into low and very low, and high and very high respectively. Hence,
the proposed algorithm eventually provides five output categories: very low, low, regular,
high, and very high. This type of output is calculated on the base of the prior probability
of propensity to purchase [37], and it offers an interpretable result for a travel agent.

The key to the model is how to group the variables in the two stages. In the first stage,
WoE transformation is applied to the set of variables that contains information about how
the customer is and where they come from. Examples of these kinds of variables are:
means of contact (e.g., web, email, physical presence in the agency or phone), getting
information for short term, or large term, the travel is related to a particular event (e.g.,
wedding or anniversary). With these variables, clustering is developed to first obtain three
groups (low, regular, and high), which later will be split into the final desired five groups.
Then, in the second stage, WoE transformation is applied to variables inherent in travel in-
formation like the number of places to be visited, trip duration, flexibility, final price, etc.
Note that WoE encoding must be applied separately to low and high-probability clusters,
even concerning the same variable, because the goal is to capture the patterns related to
each independent cluster. Finally, two DT applied into low and high probability clusters
subdivide those clusters into two groups each, resulting in five categories with different
propensity purchases.

3.3. Bio-inspired MAS organization

Intelligent agents are independent entities that are used by Pharaoh to tackle the ML
methods. They establish cooperative activities organized through the hierarchical archi-
tecture of a MAS.
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Fig. 6. Excerpt of the main entities involved in the anthill MAS

The proposed MAS consists of an anthill that comprehends agents playing three types
of ant-roles: queen, soldiers, and workers (see Fig. 6). Therefore, it is organized following
a bio-inspired ant social structure. The queen (i.e., the manager agent) is responsible for
the anthill, receiving the requests to analyze. Notice that several requests can be sent to this
agent. These requests come from the customers’ preferences for a specific tourist service.
Then, the queen agent assigns the activity of evaluating the elements of the request to one
soldier agent (i.e., the evaluator agent). This agent is in charge of assigning the relevant
information to the worker agents. Thus, this information is decomposed into more simple
requests organized by the different features indicated by the customer. Worker agents
process the information and apply the ML methods provided by the system. Notice that
a copy of the ML model is available for each worker and they have access to the relevant
information provided by the suppliers to configure the possible tourist packages that are
offered to the customer. Once the worker agents have concluded their task, the soldiers
join the result if necessary (protecting and supervising the result obtained by a worker or
a set of them) and they return the result to the queen agent.

This process is based on the Belief-Desire-Intention (BDI) model [11] where each
agent presents a goal or a set of them that must be satisfied to complete its life cycle. In
this sense, the queen has the assignedtask goal, the soldiers have the evaluatedinfo goal
and the workers have the processedinfo goal. All the goals usually include associated tasks
that are actions to achieve. Agents have at least one task that solves their corresponding
goals. These tasks are applied in the shared environment. In this case, the environment
is formed by the requests of the possible customers. Each agent incorporates a mental
state, its processor and manager, and a set of beliefs (motivations). The queen has rules
and a plan to manage the requests, while soldiers present similar rules to distribute the



Tourist services management through clients scoring 1257

information about the requests between the workers. However, workers include the ML
model in their mental states to achieve the evaluation of the information, a plan, and
some simple rules to organize the process in the beliefs. Finally, interactions between the
individuals follow the hierarchical structure which mainly consists of direct conversations.
Notice that in this case, workers do not need to establish conversations with other workers
since they tackle their commitment individually according to the orders of the soldier.

Regarding the design of the anthill model, it has been addressed through the INGE-
NIAS agent methodology. Then, the resulting composition has been transformed to be
compliant with the MESA framework. The conversations and interactions of the agents
have been implemented following the Foundation for Intelligent Physical Agents (FIPA)
standards [31].

3.4. Internal system processes

The Pharaoh framework presents three main processes according to its architecture. The
first process encompasses the different actions achieved by the travel agent and the cus-
tomer until the sale of a tourist service is completed. The second process refers to the
feedback task. Finally, the third process comprehends the steps to update the information
about rates, services, and other relevant information.

The sale of a tourist service process consists of a set of steps most of them common
to both types of end-users (i.e., travel agent and customer). It occurs due to both roles
interacting several times during the process (see Fig. 7). Initially, the end-users are logged
into the system. If the users are customers, they can request a tourist service and ask the
travel agents about it. However, if the users are travel agents, they can take the initiative
(the customers are physical with them) or they answer the possible requests made by
customers previously. Then, the system analyzes the customers to decide if they are prone
to sale or not. In case they are prone, the travel agents prioritize their demands. If the
customers respond to the answer provided by the travel agents and one of the tourist
services is interesting to them, the system finishes the process of sending the documents
with the transaction and the tourist service-related information. However, the customers
could not respond to the tourist services stipulated by the travel agents. In this case, the
process concluded. Moreover, the customers could not find interesting the offers made by
the travel agents. In this case, the travel agents should produce new tourist services more
adjusted to the desires of the customers.

The feedback process follows a set of steps where the customers introduce feedback
about a tourist service previously bought and concluded (see Fig. 8). It is a simple and
optional process carried out only by the customers where their opinion is stored in the
system. The information provided is used to update the formulas for the recommendations
that are considered by Pharaoh to select the best options.

The updating information process is the typical maintenance work in the system. It
mainly modifies the stored knowledge in the two repositories: the Suppliers knowledge
and the Tourist services knowledge. This task must be daily performed to maintain the
Pharaoh framework up to date. This process is achieved by a complete Extract, trans-
form and load (ETL) architecture that automatizes the steps to manage the actions and
simplifies the task for the administrator. Note that the administrator is not considered an
end-user by the system (see Fig. 7).
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Fig. 7. Offer and sale processes of a tourist service provisioning

4. Experiments

This section details the experiments carried out to validate the performance of the Pharaoh
framework. Three experiments have been considered and developed in a real environment.
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Fig. 8. Information updating process based on the feedback of the customer

JOF ASSOCIATES SLU also called Madox Viajes S.L. 1 was the selected travel agency
used to develop the experiments. Notice that this is the first company where the system
has been implanted in production once the development stage has been completed.

Regarding the MAS included in the system, it presents a basic configuration adapted
to the needs of the company. These needs have been previously tested by adjusting the
parameters before the presented experiments. Thus, the MAS comprises two anthills, with
five soldiers and ten workers.

The first experiment covers the parameters configuration and the setup of the sys-
tem. Moreover, a basic test is presented to evaluate the satisfaction level produced by the
system between travel agents and customers according to the recommendations made.
The second experiment details the performance of the detection of potential customers
algorithm. A comparison with other methods of the state-of-the-art is included. The third
experiment evaluates the performance of the system once it is implanted in the travel
agency. Comparisons between the profits of the travel agency using and not using the
Pharaoh framework are addressed. This fact illustrates the relevance of the system during
the management of a travel agency.

4.1. Parameters configuration and initial validation of the system

The first experiment consists of a set of steps to show how the proposed system works. Ini-
tially, the parameters of the Pharaoh framework were configured to produce recommen-
dations about tourist services to customers and travel agents. These values were provided
by 3 experts in the domain from the selected travel agency (i.e., the people responsible
for the company). Then, 10 customers (preserving their anonymity) and 3 travel agents
of the company (i.e., some of the workers of the company) evaluated the obtained rec-
ommendations for their specific tourism desires. Finally, these actors provided feedback

1 https://www.madoxviajes.com/
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Table 1. Satisfaction values provided by the travel agents

Role Satis VAS
Agent A 0.85

Agent B 0.93

Agent C 0.73

Mean ± S.D. 0.84 ± 0.10

Table 2. Satisfaction values provided by the customers

Role Satis VAS
Customer 1 0.71

Customer 2 0.62

Customer 3 0.89

Customer 4 0.76

Customer 5 0.95

Customer 6 0.58

Customer 7 0.78

Customer 8 0.69

Customer 9 0.92

Customer 10 0.76

Mean ± S.D. 0.77 ± 0.12

about the performance of the system and their satisfaction with the obtained results. This
satisfaction has been measured according to a Satisfaction Visual Analogue Scale (Satis
VAS) [29]. This VAS was included in an anonymous document. The result of the VAS
was converted to a range of values from 0 to 1 to obtain the resulting opinion.

Regarding the parameters configuration (see Section 3.1), the travel agency experts
decided the next values for them. For θT . θA, and θE , the values were fixed to 0.3, 0.45
and 0.25 respectively. This decision was motivated by the assumption that customers give
more importance to the hosting and the location than the rest of the features of the tourist
service. Then, wC

u,j and wC
e,j were fixed to 0.4 and 0.6, giving a moderate relevance to the

feedback provided by previous customers. Lastly, the weights of the elements of each cat-
egory (transport, accommodation, and extras) are established. For the transport category,
wT

quality, wT
stopovers, wT

time, and wT
price are configured to 0.3, 0.1, 0.2, and 0.4 respec-

tively. This decision of the experts was motivated by the assumption that users usually
consider very relevant the price of the transport over the other features. For the accommo-
dation category, wA

quality, wA
location, wA

services, and wA
price are configured to 0.35, 0.25,

0.15, and 0.25 respectively. These values correspond to the assumption that users usually
consider as relevant the price and the quality of the hostage unless the location and the
provided services are also very important. For the extras category, wE

quality, wE
flexibility,

wE
services, and wE

price are configured to 0.45, 0.15, 0.15, and 0.25 respectively. This de-
cision follows the assumption that the users give more importance to the price and the
quality of the extras.

Once the parameters of the system are completely fixed, the three travel agents make
petitions to Pharaoh to obtain recommendations according to their preferences. These
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preferences were selected as heterogeneous as possible to validate the system through a
wide spectrum of possibilities.

Next, the customers provided indications of the system being assisted by the travel
agents to solve possible problems related to the operation of the system. Travel agents
also provided users with the best configurations obtained by the system. If a customer
agrees with one of the offered tourist services, the system completes the corresponding
booking process.

Finally, the anonymous document with the VAS was given to the participants. The
results are shown in Table 1 and Table 2. The average satisfaction of the travel agents was
0.84, while the average of customers was 0.77. Similar Standard Deviations were obtained
in both cases. Thus, the global average satisfaction of the system was 0.80± 0.11.

In conclusion, it can be said that the result is very acceptable from both perspectives
(customers and travel agents). Furthermore, customers are more pressing and demanding
than the travel agents in the evaluation of the satisfaction produced by the recommenda-
tions made by the Pharaoh framework.

4.2. Propensity purchase estimation algorithm validation.

This experiment addresses the performance of the proposed propensity purchase estima-
tion model (bi-stage model). The proposal is compared with the most typical state-of-
the-art ML classifiers [39, 19]: Random Forest (RF), Gradient Boosting (GB), k-Nearest
Neighborhood (kNN) and Logistic Regression (LR).

JOF ASSOCIATES SLU has provided the dataset for the development of this exper-
iment. It contains about 104 instances presenting an initial conversion rate of 14%, that
is, the percentage of customers who finally purchased the tourist service (i.e., the data
are unbalanced). Each instance includes a variety of attributes: contact details, contact
channel, service, travel destination, type of trip, etc. In this particular case, more pre-
cise information of the data is not available because of confidentiality. All the selected
algorithms are trained with 80% of the whole data and tested using the remaining 20%.
This division is carried out with stratified sampling. The hyper-parameters of the ML
alternatives are selected by 10-fold-cross-validation. The output of each algorithm is pre-
sented into five categories attending to the output probability distribution on the train set.
The performance is measured in terms of conversion rate and relative frequency on each
classification group, expressed in percentage of the overall total. The predictive power is
evaluated by checking the conversion rate in the different groups, and the frequency pro-
vides the significance of the group. Finally, to assess the possible overfitting train and test
agreement are evaluated.

The results are shown in Table 3. The RF has a poor agreement between train and
test, in both frequencies and conversion rates. Indeed, one of the groups has no represen-
tation in the test dataset. The kNN has similar behavior in train and test agreement, with
differences up to 21%. This situation makes no sense to evaluate any other performance
measure. The GB has a generally good agreement between train and test instances, except
in conversion rates for high and very high categories with differences higher than 20%.
These differences make, like in RF and kNN, no sense to evaluate the rest of the evalua-
tion items. The LR has the best agreement between train and test, in both frequency and
conversion rates. The data distribution is highly unbalanced throughout the categories,
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Table 3. Performance of the ML classification algorithms in terms of relative frequency (freq.),
expressed in percentage about the overall total, and conversion rate (c.rate), for each category

RF GB kNN LR
Bi-stage
model

freq. c.rate freq. c.rate freq. c.rate freq. c.rate freq. c.rate

Train

very low 75.0 0.0 74.2 5.8 0.0 100.0 72.5 11.5 16.6 1.7
low 9.9 0.0 10.3 25.2 54.2 0.0 9.0 17.8 17.1 5.1
regular 9.9 89.1 10.3 34.5 29.8 20.6 13.2 19.6 44.7 10.9
high 3.9 100.0 4.1 63.4 11.9 42.2 4.2 26.7 15.8 32.8
very high 1.2 100.0 1.0 87.3 4.1 100.0 1.1 28.2 5.9 48.0

Test

very low 57.5 4.9 73.6 7.0 0.0 - 72.3 6.7 17.0 2.5
low 17.1 16.5 10.0 25.0 75.2 7.5 2.0 25.0 17.0 6.7
regular 25.2 30.9 9.8 28.8 17.4 26.7 5.8 22.9 46.1 10.2
high 0.0 - 4.8 41.4 5.3 40.6 7.3 34.1 14.6 34.2
very high 0.2 100.0 1.8 63.6 2.0 58.3 12.6 35.5 5.4 51.5

where low probability group comprises more than 70% of the data. Besides, the five cate-
gories do not have enough distance between them in the conversion rate term, 2% in some
cases, making it difficult to differentiate between close groups. Eventually, the proposed
bi-stage model has an excellent agreement between train and test instances, with a max-
imum deviation of 3%. The data distribution is the most balanced of the models tested,
where the regular category is the densest with 45% of the data and the very high the lower
dense with 6% of the data for train, and 46% and 5% for test respectively. The probabil-
ity categories obtained are different with five representative probability values, and it is
validated in the test dataset with minimum deviations.

In conclusion, the experiment carried out shows that this particular problem needs an
ad-hoc approach, such as the bi-stage model presented. This solution is adequate to solve
the propensity to purchase problem provided by JOF ASSOCIATES SLU. The bi-stage
model is the one that best classifies in the different probability categories with balanced
frequencies. In addition, it is the one that provides the best concordance between training
and testing, thus guaranteeing the non-existence of overfitting. Hence, according to the
performance requirements, the proposed method serves better than the state-of-the-art
classifier for the current aim.

4.3. Efficiency evaluation of the complete system

The last experiment checks the efficiency of Pharaoh in a real situation. The setup of the
system with the parameters configuration has been maintained, being the same ones as
the first experiment.

The experiment starts by organizing randomly and proportionally 184 potential cus-
tomers into two groups: Traditional and Innovators, for making comparisons between
them. All of them are looking for the same type of tourist services: National Coasts, Na-
tional Islands, Dubai-Maldives, and Safaris. In addition, web canal and other canals such
as phone calls, family recommendations, in-person visits to the office, etc., are considered.
Note that these services comprehend a set of specific tourist services.
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Table 4. Summary of the obtained results for Traditional and Innovators groups for each tourist
service. n is the number of potential customers in each service and group. Time is the average time
(in hours) each travel agent spends processing the tourist service until it is accepted or dismissed.
The conversion rate (c.rate) and the number of recommendations (Rec.) are presented

Traditional Innovators

Services n Time c.rate Rec. n Time c.rate Rec.

Web

N. Coasts 20 3.2 15.0 2 20 2.9 25.0 3

N. Islands 20 5.2 10.0 2 20 4.8 15.0 3

Dubai-Maldives 16 10.1 6.3 1 16 9.6 12.5 2

Safaries 12 11.2 16.7 1 12 10.7 16.7 2

Other

N. Coasts 8 4.2 37.5 1 8 2.7 50.0 2

N. Islands 8 5.7 25.0 0 8 3.0 37.5 1

Dubai-Maldives 4 12.0 25.0 1 4 8.0 50.0 1

Safaries 4 12.5 25.0 0 4 9.0 25.0 1

Traditional group consists of 92 customers who were attended maintaining the tra-
ditional way that the company has been used (i.e., without the support of the Pharaoh
framework). On the other hand, Innovators group consists of 92 customers who attended
using the Pharaoh framework to carry out the requests made by the users and the config-
urations provided by the travel agents. Both groups worked with the same travel agents to
minimize possible variations in the results.

The experiment considers three main variables: the average time (in hours) each agent
spends processing the tourist service offered to customers, the conversion rate, and the
number of recommendations. These results are presented in Table 4 for both groups.

For Traditional group, the results show that the average time to manage the services is
less in national destinations. That is, the customers are more demanding when the travel
destination is in the same country. The conversion rate fluctuates in the web canal, hav-
ing a low value for the service Dubai-Maldives (i.e., only a few customers complete the
purchase), while Safaris and National Coasts have a high percentage. A total of 8 recom-
mendations have been obtained for this group.

For Innovators group, the service Dubai-Maldives has the lowest conversion rate and
National Coasts has the highest one in the web canal. Relevance differences in the num-
ber of inverted hours, the number of recommendations, and the conversion rate between
Traditional and Innovators have been detected. The system incremented acceptably the
conversion rate, the number of hours was reduced significantly, and the number of recom-
mendations was also higher. A total of 15 recommendations have been obtained for the
Innovators group. The changes in the conversion rate and the number of hours spent are
motivated by the propensity purchase estimation algorithm. It allowed the selection of the
best customers for the travel agents, discarding the customers with less interest in the sale.
Moreover, the visual information provided by the system, and the precise recommenda-
tions could have also done that customers more easily accepted the tourist service.

In conclusion, Pharaoh has demonstrated that it works perfectly with the daily issues
of a travel company. Moreover, it could increase the conversion rate that is translated into



1264 Raúl Moreno et al.

profits for the company, and reduce the number of hours until the customer accepts or dis-
miss the different possibilities offered for a specific tourist service. This fact is translated
into less stressful situations for employees and more agility in the booking process.

5. Conclusions

The Pharaoh framework, a system devoted to completely covering the management of the
sales of tourist services from the side of the travel agent and the customer, has been pre-
sented. It includes as a novelty a bio-inspired MAS based on the structure of anthills and
a proneness customer model based on ML techniques. This latter can classify customers
according to their proneness of completing a booking (i.e., it detects the most interest-
ing customers). The model consists of three elements: variable transformation, clustering,
and classification. The output categorizes the probability into five groups based on the
conversion rate.

The system has been tested empirically through several experiments. They have illus-
trated that Pharaoh enhances the performance of a travel agency, increments the quality
of the service, and generates interesting profits. Thus, it can be said that the framework
provides very desirable functionalities and new insights in the tourism domain thanks to
the proposed bio-inspired MAS and the ML techniques.

Future research will focus on the communication between the customer and the travel
agent, trying to improve it by simplifying the steps during the conversation. The introduc-
tion of improvements at the graphical level both during the sale and feedback processes
will also be considered. Moreover, in the domain of intelligent agents, it could be very
interesting to include a complete MAS. It could cover all the functionalities of the system
to distribute and emulate the competencies of travel agents. This will lead to develop-
ing a completely independent intelligent framework that could interact with customers
becoming a virtual travel agent.
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Abstract. The Python Testbed for Federated Learning Algorithms (PTB-FLA) is 

a simple Python FL framework that is targeting edge systems and is by its design 

easy to use by human ML&AI developers. The original PTB-FLA development 

paradigm intended for humans consists of the four phases (producing the 

sequential code, the federated code, the federated code with callbacks, and the 

PTB-FLA code, respectively), and hence dubbed the four-phases (development) 

paradigm, was validated in the case study on the logistic regression. In this paper, 

we adapted the original paradigm into the two new paradigms for ChatGPT, 

named the adapted four-phases paradigm and the adapted two-phases paradigm, 

respectively. In tune with its name, the latter consists of two phases (producing 

the sequential and the PTB-FLA code, respectively). We successfully validated 

both new paradigms using the same case study on logistic regression that was 

used for the original paradigm. The results are positive and encouraging as the 

resulting program codes are of better quality than the codes solely made by 

humans using the original paradigm. 

Keywords: Decentralized Intelligence, Federated Learning, Python, ChatGPT, 

Software Development. 

1. Introduction 

Contemporary Internet in a simplified view can be seen as the so-called cloud-fog-edge 

continuum (or hierarchy) with various devices (laptops, smart phones, smart sensors, 

actuators, IoTs, robots, etc.) connected at its edge. This complex system (or system of 

systems) is highly heterogenous (as there are various kinds of cloud, fog, and edge 

systems/networks) and dynamic (as devices, or complete systems, may dynamically 

connect/disconnect i.e., join, and leave, or reconfigure while being connected). 

Developing applications for this environment without tools is both tedious and costly. 

Both academia and industry are aware of this issue, and one of many ongoing projects 

trying to address it is the ongoing EU Horizon 2020 project TaRDIS [1], which aims to 

create a toolbox for easy programming of innovative applications, such as: (1) multi-

level smart electrical vehicles charging, (2) privacy-preserving learning through 
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decentralised training in smart homes, (3) distributed navigation concepts for LEO 

satellite constellations, and (4) highly resilient factory shop floor digitalization to be 

implemented in a real factory comprising several production lines, a warehouse, an 

intralogistics fleet of robots, etc. These systems must use some ML/AI algorithms and be 

trustworthy and responsible. 

The Python Testbed for Federated Learning Algorithms (PTB-FLA) [2] is being 

developed within TaRDIS as a framework for developing federated learning algorithms 

(FLAs) i.e., as a runtime environment for FLAs under development. PTB-FLA was 

written in pure Python to keep application footprint small (to fit to IoTs) and to keep its 

installation simple. The PTB-FLA was designed with a simple API based on Single 

Program Multiple Data (SPMD) pattern, to be easy to use by ML&AI developers who 

do not need to be professional programmers, and as such, also amenable to ChatGPT. 

Initially, PTB-FLA was validated and illustrated by three simple examples that were 

developed by humans using the ad hoc approach to directly write the decentralized PTB-

FLA code [2]. For more complex applications, a more natural and feasible approach is 

to start from a given referent sequential code (either legacy or open source or newly 

crafted) and transform it into the semantically equivalent PTB-FLA code. Recently, 

PTB-FLA four-phases development paradigm appeared as a systematic guide for 

humans to transform a sequential code into the PTB-FLA code, and it was validated in a 

case study where the sequential logistic regression Python code [3] was transformed into 

the PTB-FLA codes (for both centralized and decentralized FLAs) [4]. 

More recently, PTB-FLA has been shown to be amenable to AI by successful 

redevelopment of the three simple examples from [2] using the ad hoc approach, where 

ChatGPT was given the context comprising the input sequential code and the target 

function main and was asked to create the target callback functions [5]. 

In the next three subsections we present the problem formulation and its solution, the 

paper achievements, and the paper organization. 

1.1. Problem Formulation and Its Solution 

The problem that we tried to solve in this paper, was how to adapt the PTB-FLA 

development paradigm used by humans for ChatGPT in order to (i) minimize the human 

labor by delegating a part of the job to ChatGPT, and at the same time to (ii) minimize 

the ChatGPT input by creating minimal contexts (i.e., prompts), because commercial AI 

services (like GPT-4) are charged according to the input they processed. 

We solved that problem experimentally by using the simple iterative development 

process, which is described in Section 2 in detail. Here is a short summary: we used the 

text (guidelines) of the original development paradigm to create the initial ChatGPT 

context, and then in each iteration we used feedback from ChatGPT (in the form of 

questionnaire answers ChatGPT provided) to manually modify the context i.e., to adapt 

the paradigm, aiming towards the minimal context without redundant parts. In each 

iteration, the current paradigm (given in the current context) was also validated, because 

it had to produce the output PTB-FLA code that is semantically equivalent to the input 

sequential code. The application code that was used for this purpose is the logistic 

regression case study from [4]. 
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1.2. Paper Achievements 

As a continuation of [4] and [5], we firstly adapted the four-phases development 

paradigm originally devised for humans to guide ChatGPT to successfully develop the 

same algorithms as in [4] (to save space, here we present only the centralized algorithm 

development). Secondly, we adapted the four-phases paradigm into a two-phases 

development paradigm. As the first phase is always done by humans, the two-phases 

paradigm is rather close to the ideal solution where developers in the second phase 

immediately get the complete target PTB-FLA code. (All the paradigms are presented in 

Section 3.). 

We would like to emphasize that both adapted paradigms (the four-phases and the 

two-phase) are original contributions that are presented for the first time in this paper, 

and both should be treated unbiasedly as both have their own strengths and weaknesses. 

The four-phases paradigm requires more human labor but provides better traceability 

(somewhat like gray box testing), whereas the two-phase paradigm requires minimal 

(almost no) labor but is less traceable (being based on the black box approach) and 

therefore riskier. The last statement should be taken as a simplified one and more as the 

authors’ expectation, because of the limitations of the experimental validation made in 

this paper (as discussed in the paper). 

Both development paradigms were experimentally validated, see Sections 4 and 5. In 

the experimental validation, which was made in early summer 2023, ChatGPT was using 

the well-known GPT-3.5 model. We report on the adapted development paradigms 

performance in terms of human labour and size of ChatGPT context needed to develop 

the logistic regression PTB-FLA code in Section 6. 

To the best of authors knowledge this is the first paper that formulated the problem 

and its solution of this kind and therefore we could not compare our paper with similar 

papers of other authors, so originality came at the price of lack of closely related work. 

However, we did our best to cover a more broadly related work in Section 7. 

1.3. Paper Organization 

The paper is organized as follows. Section 2 presents the development process, Section 

3 presents the adapted development paradigms, Section 4 presents the four-phases 

paradigm validation, Section 5 presents the two-phases paradigm validation, Section 6 

presents the adapted paradigms performance, Section 7 presents related work, and 

Section 8 concludes the paper. 

2. Development Process 

In this paper, to adapt and validate development paradigms (see Section 1.1), we used 

the simple iterative development process, which comprises the following steps: (1) 

specify the context (i.e., the prompt), (2) ask ChatGPT to complete the assignment, (3) 

test the generated code, (4) if the code successfully passes testing, stop, else if the code 

is close to what is expected and contains small number of simple bugs, manually modify 
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the code (rational is further discussed below) and return to step 3, else return to step 1. 

We tried to create minimal contexts with the goal to minimize the overall effort/cost. 

This paragraph is a short digression explaining the rational mentioned in the step 4 

above. Initially, our intention was to make ideal contexts that would lead to ideal results. 

So, whenever the output code failed to pass the testing, we were returning to the step 1 

and trying to refine the context. By doing this we discovered that ChatGPT exhibits one 

unexpected behaviour: given some context it may produce the code that is rather close to 

what is expected, but after giving it an extended context it may produce the code that is 

more far from what is expected than the previous one (see the paragraph below). 

Therefore, we switched to the following policy: if the output code is tweakable (i.e., has 

small number of bugs), then it is acceptable, and we consider the corresponding prompt 

sufficient. 

We do not have an explanation for the unexpected behaviour mentioned above. This 

was happening both in the same session and in different sessions. A major difficulty in 

using ChatGPT is that by its design it tries not to repeat itself, so classical approach to 

testing with repetitive tries does not work for it. 

For the sake of this research, to get an estimation of context quality (minimality), 

after an example was verified, we ask ChatGPT for feedback by asking it to complete 

the questionnaire comprising the following three questions: (i) On the scale from 1 to 

10, where 10 is the hardest, how would you rate this assignment? (ii) What was the most 

important part of the context that you used to complete the assignment? and (iii) What 

was the redundant part of the context? 

At the end of this section, we would like to clarify that we did not make any attempt 

to prevent ChatGPT hallucinations/confabulations, but if this happens and results in the 

generated code with bugs, this will be discovered during code testing (the phase 3 of the 

process outlined above), and this code will be rejected i.e., thrown away. However, 

preventing ChatGPT hallucinations/confabulations is an interesting research topic and a 

possible item of our future work. 

3. Development Paradigms 

In this section we present the PTB-FLA development paradigms. The next three 

subsections present the original four-phases paradigm that was initially devised for 

humans [4], the four-phases paradigm’ phases, and the adapted two-phases paradigm for 

AI, respectively (the adapted four-phases paradigm adaptation is explained at the end of 

Section 3.3). 

3.1. Original Four-Phases Paradigm for Humans 

The original four-phases development paradigm [4] is primarily intended to serve as a 

FLA developer guide through the process of developing a target FLA using PTB-FLA, 

which we call the FLA development process. The input to this process is the Python 

sequential program code of target AI/ML algorithm, whereas the output from this 

process is the PTB-FLA code with the same semantics, which means that for given input 
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data it produces the same output data with some tolerance e. The tolerance e is typically 

some small error value (ideally zero). 

Of course, the output PTB-FLA code must be compliant with the PTB-FLA 

programming model which is a restricted programming model that imposes the 

following two restrictions: (1) using the Single Program Multiple Data (SPMD) pattern, 

and (2) specifying code for server and client roles in form of callback functions. 

Obviously, there are many ways to define such a development process. The original 

intention was to prescribe it as a paradigm which is much more disciplined than ad hoc 

development, but also not too rigid to keep it attractive and creative. 

The main idea was to follow the principle of correct-by-construction, which when 

applied in this context meant to define the development process that for a given referent 

code yields the output PTB-FLA code with the equivalent semantics. Following the 

approach used by program compilers, the original four-phases development paradigm 

was devised as the series of program code transformation phases where each phase 

consumes its input code and produces the semantically equivalent code that is closer to 

the target PTB-FLA code. 

3.2. Four-Phases Paradigm’ Phases 

This section contains the text adapted from [4]. The four development phases (i.e., phase 

1, phase 2, phase 3, and phase 4) are by the convention named by their output code i.e., 

(1) the referent sequential code, (2) the federated sequential code, (3) the federated 

sequential code with callbacks, and (4) the PTB-FLA code, respectively. 

The input to phase 1 is the raw sequential code and the output is the referent 

sequential code. The input raw sequential code may come from various sources and may 

have various forms. Nowadays, many AI/ML algorithm solutions in Python are available 

online in Colab notebooks, where snippets of textual mathematical explanations, code 

snippets, and graph plots dynamically created by code play (i.e., execution) are 

interleaved. Typically, these solutions are primarily intended for learning/understanding 

the solutions through interactive experimentation, where readers are even encouraged to 

tweak the code and play with it. 

In phase 1, a PTB-FLA developer essentially must select only the necessary code 

snippets (leaving out the alternative or redundant snippets), to tweak them if needed, and 

to integrate them into a standalone Python module(s) that they could preferably run on 

their PC (localhost), typically in a terminal of some IDE. The important requirement for 

the referent sequential code is that for a given input dataset it must deterministically 

produce some output data e.g., learned (trained) model coefficients and/or some quality 

indicators like accuracy, because this output data is used as the referent data by the next 

development phases, which they must produce to be semantically equivalent. To that 

end, a PTB-FLA developer should use asserts that automatically compare whether the 

output data is (approximately) equal to the referent data, and if not, report the 

corresponding assertion error. 

In phase 2, a PTB-FLA developer makes the federated sequential code by the 

following three steps: (1) partition the input dataset into partitions (that could be 

distributed across clients), (2) split the monolithic computing of the complete input 

dataset into a series of computing on individual partitions (that could be collocated with 
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corresponding partitions) such that they produce the set of partition models, and (3) add 

the computing for aggregating the set of partition models into the final model and for 

computing quality indicators (that could be located on a server), as well as for 

comparing output and referent data. For example, a single function call (calling the 

function f) to process the complete dataset could be split into a series of function calls 

(calling the same function f with different arguments) to process individual dataset 

partitions. Note that this is still one sequential program that runs on a single machine 

(developer’s PC). 

In phase 3, a PTB-FLA developer makes the federated sequential code with callbacks 

by the following four steps: (1) copy (and tweak) the computing on an individual 

partition (say a partition number i) into the client callback function, (2) replace the series 

of computing on individual partitions with the series of client callback function calls 

(with the arguments corresponding to the partition j in the call number j), (3) copy (and 

tweak) the computing for aggregating the set of partition models to the final model into 

the server callback function, and (4) replace the former computing with the server 

callback function call (the code for computing quality indicators should remain in its 

place). In the running example, the series of function calls (calling the same function f 

with different arguments) to process individual dataset partitions should be replaced 

with the corresponding series of client callback function calls, which lead to indirect 

calls to the function f (each call to the client callback function maps to the corresponding 

call of the function f). 

In phase 4, a PTB developer makes the PTB-FLA code by the following two steps: 

(1) add the code for creating the instance ptb of the class PtbFla and for preparing local 

and private data for all the instances, and (2) replace the code for calling callback 

functions (both the series of client callback function calls and the server callback 

function call) with the call to the function fl_centralized (in case of a centralized FLA) 

or fl_decentralized (in case of a decentralized FLA) on the object ptb. 

3.3. Adapted Two-Phases Paradigm for ChatGPT 

We adapted the original four-phases paradigm by keeping phase 1 and merging and 

optimizing the steps of the original phases 2 to 4 into the optimized phase 2 (with the 

intention to create a minimal context i.e., prompt). In phase 2, ChatGPT translates the 

referent sequential code into the semantically equivalent PTB-FLA code by following 

the instructions given in the next paragraph. 

Rewrite the referent sequential code into the function main by following these four 

steps: (1) partition the input dataset into individual client partitions (that could be 

distributed across clients), (2) add the code to initialize the PtbFla object and prepare 

local and private data for the current instance, (3) replace the monolithic computing on 

the complete input dataset with the call to the function fl_(de)centralized on the object 

ptb, and (4) keep the code that evaluates the final model (i.e., the updated local data) on 

the test data. Put the computing on an individual partition that produces a partition 

model into the client callback function. Put the computing for aggregating the set of 

partition models into the final model into the server callback function. 

The instructions above are meant to be general i.e., applicable to any code. However, 

note that the term “input dataset” mentioned in steps 1 and 3 above is somewhat 
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ambiguous, and a more precise term is “training dataset”. We discovered this during 

paradigms’ validation by ChatGPT for the case study on logistic regression (to be 

presented shortly), wherein we switched to the later term and added the prologue step: 

(0) split input dataset into the training data and the test data. This note is valid for the 

four-phases paradigm’ phases (in section 3.2), too. 

4. Four-Phases Paradigm Validation 

This section presents the validation of the four-phases paradigm adapted for ChatGPT. 

The next subsections present the validation of phase 2, phase 3, and phase 4, 

respectively (phase 1 is conducted manually, so it is skipped). For each phase two tables 

are given – the first table contains the context, whereas the second table comprises the 

code generated by ChatGPT that was manually tweaked to make it runnable and 

comparable to the handwritten code (this code passed runtime verification and its output 

results are the same as for the handwritten code), the ChatGPT explanation of the 

generated code, and the ChatGPT answers to the questionnaire. 

In the tables, comments in italic and enclosed by angle brackets are added as 

clarifications or replacements and are note part of the original text. Similarly, parts of 

the contexts in italic were declared as redundant by ChatGPT. 

4.1. Phase 2 

The context for phase 2, see Table 1, comprises the revised general phase 2 guidelines, 

the description of the sequential code (the part in italic turned out to be redundant), the 

assignment for ChatGPT, and the referent sequential code from phase 1. 

Table 1. The context for phase 2 of the four-phases paradigm 

""" 

Revised general phase 2 guidelines: 

< Here was a copy of the text from Section 3.2 modified according to the note in Section 3.3. > 

 

Description of the referent sequential code: 

The code uses the Social Network Ads (SNA) dataset, which comprises 400 samples (or rows) 

corresponding to user profiles and each record comprises the following features (or columns): (1) User 

ID, (2) Gender, (3) Age, (4) Estimated (yearly income), and (5) Purchased. Note that in this example only 

features Age and Purchased are used. 

The main steps in the code are: (1) split SNA dataset into training and test datasets (320 and 80 samples, 

respectively), (2) train the linear logistic regression model comprising two coefficients, namely b0 and b1, 

(3) using the trained model, make predictions whether users in the test dataset would make purchase or 

not, and calculate the prediction accuracy as the ratio of test users for whom the predictions were correct. 

 

Assignment: 

Using the phase 2 guidelines, rewrite the referent sequential code, which is given in the function 

seq_base_case, into the federated sequential code in the function seq_horizontal_federated. Important 

notes related to the assigment follow. 

Note 1: data should be first train_test_split into X_train, X_test, y_train, y_test, and then X_train and 

y_train should be np.array_split into noClients (=2) partitions! 

""" 
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import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

from sklearn.model_selection import train_test_split 

from math import exp 

# Import supplementary functions 

from sup_funs import logistic_regression, evaluate 

 

def seq_base_case(): 

    # Load the data 

    data = pd.read_csv("Social_Network_Ads.csv") 

     

    # Divide the data to training set and test set. For reproducible set random_state=42. 

X_train, X_test, y_train, y_test = train_test_split(data['Age'], \ 

data['Purchased'], test_size=0.20, random_state=42) 

 

    # Training the model 

    b0, b1 = logistic_regression(X_train, y_train) 

    print(f"Training on all the training records (original sequential code): b0={b0}, b1={b1}") 

 

    # Test the model 

    y_pred, accuracy = evaluate(X_test, y_test, b0, b1) 

    print(f"Accuracy = {accuracy}") 

 

def seq_horizontal_federated(): 

    """ Please complete this function """ 

The tweaked code and the feedback for phase 2 are given in Table 2. The code 

generated by ChatGPT did not contain any logical bugs and just a couple of tweaks 

(marked by the keyword TWEAK) were needed to make it runnable and comparable to 

the handwritten code. It is worth mentioning that the code generated by ChatGPT is of 

better quality than the manually written code in [4] (it is generalized for any number of 

clients and better uses numpy features). 

Both the explanation of the generated code and the questionnaire answers are sound 

and human-like. ChatGPT rated the hardness of the assignment as 6 and found the given 

context almost minimal (only the part describing the SNA dataset is redundant). 

Table 2. The tweaked code and the feedback for phase 2 of the four-phases paradigm 

< To save space only the function seq_horizontal_federated is shown. > 

 

def seq_horizontal_federated(): 

    # TWEAK 1: set noClients, e.g. to 2 (to be able to compare with the handwritten code). 

    noClients = 2 

     

    # Load the data 

    data = pd.read_csv("Social_Network_Ads.csv") 

     

    # Divide the data into training set and test set 

X_train, X_test, y_train, y_test = train_test_split(data['Age'], \ 

data['Purchased'], test_size=0.20, random_state=42) 

     

    # Split the training data into partitions 

    partitions_X_train = np.array_split(X_train, noClients) 

    partitions_y_train = np.array_split(y_train, noClients) 

     

    # Perform federated learning on each partition 
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    models = [] 

    for i in range(noClients): 

        # TWEAK 2: setting the initial b0 and b1, and logistic_regression call with 4 args 

        #     were added to align with handwritten code and make it input to the next phase. 

        # Train the logistic regression model on each partition 

        b0, b1 = 0.0, 0.0  # Initial values of coefficients 

        b0, b1 = logistic_regression(partitions_X_train[i], partitions_y_train[i], b0, b1) 

        models.append((b0, b1)) 

     

    # Aggregate the models 

    aggregated_b0 = np.mean([model[0] for model in models]) 

    aggregated_b1 = np.mean([model[1] for model in models]) 

     

    # Test the aggregated model on the test data 

    y_pred, accuracy = evaluate(X_test, y_test, aggregated_b0, aggregated_b1) 

    print(f"Accuracy = {accuracy}") 

In this revised code, the main changes include: 

1. Splitting the training data X_train and y_train into noClients partitions using np.array_split. 

2. Performing federated learning on each partition by training a logistic regression model using the 

logistic_regression function. 

3. Storing the trained models in a list called models. 

4. Aggregating the models by calculating the mean of the coefficients (b0 and b1) from all the models. 

5. Testing the aggregated model on the test data X_test and y_test using the evaluate function. 

Questionnaire answers: 

1. On a scale from 1 to 10, I would rate this assignment as a 6. It involves understanding the concept of 

federated learning and applying it to a logistic regression model. The task requires splitting the data into 

partitions, performing federated learning on each partition, and aggregating the models. While it may 

not be the most challenging assignment, it does require a solid understanding of the concepts and some 

programming skills. 

2. The most important part of the context for completing the assignment was understanding the concept of 

federated learning and its application in a sequential code setting. This included understanding the steps 

involved in federated learning, such as data partitioning, training models on individual partitions, and 

aggregating the models. Additionally, the instructions provided the necessary details about the dataset 

and the specific steps required for the assignment. 

3. The redundant part of the context was the initial description of the Social Network Ads (SNA) dataset 

and its features. While it provides some background information, it is not directly relevant to the task of 

rewriting the code into a federated sequential code. The important part of the context is already captured 

in the assignment description, which specifies the steps required for the code transformation. 

4.2. Phase 3 

The context for phase 3, see Table 3, comprises the revised general phase 3 guidelines, 

the description of the formats (i.e., signatures) of the callback functions, the important 

note on the formats of messages, the assignment for ChatGPT, the tweaked code from 

phase 2, and the placeholders for code completions. 

Table 3. The context for phase 3 of the four-phases paradigm 

""" 

General phase 3 guidelines: 

< Here was a copy of the text from Section 3.2 modified according to the note in Section 3.3.  > 

 

The client and server callback functions have the following format. 

sfun(ldata, pdata, msg), returns ldataPrime. 

cfun(pdata, msgs), returns ldataSecond. 
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Where: 

sfun is the server callback function, 

ldata the local data (typically a model), 

pdata the private data (typically training data), 

msg is the message carrying the server local data, 

ldataPrime is the client updated local data, 

cfun the client callback function, 

msgs is the list of all the clients updated local data, and 

ldataSecond is the server updated local data. 

 

IMPORTANT NOTE: 

In this example, local data for a node is a list with two coefficents [b0, b1], 

whereas private data is a list [X_train, y_train]. 

Therefore, msg is a list (with two element), 

whereas msgs is a list of lists (where each of these lists has two elements). 

 

Assignment: 

Using the phase 3 guidelines, rewrite the federated sequential code, which is given in the function 

seq_horizontal_federated, into the federated sequential code with callbacks in the function 

seq_horizontal_federated_with_callbacks and the supplementary client and server callback functions. 

Important notes related to the assigment follow. 

Note 1: Please do not introduce any new functions, just complete the three incomplete functions below! 

Note 2: Assume that the initial local data (ldata) for the server is [0., 0.]. 

""" 

< Here we provided the tweaked code from phase 2 see Table 2. > 

 

def seq_horizontal_federated_with_callbacks(): 

    """ Please complete this function """ 

 

""" 

Client callback function arguments format and usage. 

Format: localData = [locb0, locb1], privateData = [X_train, y_train], msg = [srvb0, srvb1]. 

Usage: localData is not used, privateData contains client training data, and msg contains the server model 

i.e., the initial coefficients. 

""" 

def fl_cent_client_processing(localData, privateData, msg): 

    """ Please complete this function """ 

 

""" 

Server callback function arguments amd usage. 

Format: msgs = [[b00, b01], [b10, b11], ...]. In bij: i - partion (or client) index, j - coefficent index. 

Usage: privateData is not used and msgs contains clients models. 

""" 

def fl_cent_server_processing(privateData, msgs): 

    """ Please complete this function """ 

The tweaked code and the feedback for phase 3 are given in Table 4. The code 

generated by ChatGPT in the first attempt contained just a single logical bug and after 

we explained it to ChatGPT (see our dialog with ChatGPT in the explanation filed in 

Table 4), it generated correct code in the second attempt. It is worth mentioning that the 

code generated by ChatGPT is of better quality than the manually written code in [4] 

(the code looks nice and in the callback functions really condensed). 

Both the explanation of the generated code and the questionnaire answers are sound 

(except, perhaps, the third answer) and human-like. ChatGPT rated the hardness of the 

assignment as 6. The third answer is somewhat strange because SNA dataset is not 

mentioned in the context for phase 3 (we intentionally skipped it, because we wanted to 

create a minimal context), so the third answer came unexpectedly to us. After giving it a 
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second thought, it seems that either ChatGPT remembered the context for the previous 

phase (because it was conducted in the same session) or its comment is on possible 

generalization – consider these final words in the third answer: “as the transformation 

process would apply to other models and datasets as well”, see them in Table 4. 

However, both alternatives do not compromise the context minimality. 

Table 4. The tweaked code and the feedback for phase 3 of the four-phases paradigm 

< To save space only the function seq_horizontal_federated_with_callbacks and the callback functions are 

shown. > 

 

def seq_horizontal_federated_with_callbacks(): 

    # Load the data 

    data = pd.read_csv("Social_Network_Ads.csv") 

     

    # Divide the data into training set and test set 

X_train, X_test, y_train, y_test = train_test_split(data['Age'], \ 

data['Purchased'], test_size=0.20, random_state=42) 

     

    # Split the training data into partitions 

    noClients = 2  # Number of clients 

    partitions_X_train = np.array_split(X_train, noClients) 

    partitions_y_train = np.array_split(y_train, noClients) 

     

    # Initialize the server model coefficients 

    server_model = [0.0, 0.0] 

     

    # Perform federated learning on each partition using callbacks 

    client_models = []  # List to store client models 

    for i in range(noClients): 

        # Train the logistic regression model on each partition with the client callback 

        client_model = fl_cent_client_processing([], [partitions_X_train[i], \ 

        partitions_y_train[i]], server_model) 

        client_models.append(client_model) 

     

    # Update the server model using the client models with the server callback 

    server_model = fl_cent_server_processing([], client_models) 

     

    # Get the final aggregated model coefficients 

    aggregated_b0, aggregated_b1 = server_model 

print(f"The final model coefficients: aggregated_b0={aggregated_b0}, \ 

aggregated_b1={aggregated_b1}") 

     

    # Test the aggregated model on the test data 

    y_pred, accuracy = evaluate(X_test, y_test, aggregated_b0, aggregated_b1) 

    print(f"Accuracy = {accuracy}") 

 

""" 

Client callback function arguments format and usage. 

Format: localData = [locb0, locb1], privateData = [X_train, y_train], msg = [srvb0, srvb1]. 

Usage: localData is not used, privateData contains client training data, and msg contains the server model, 

i.e., the initial coefficients. 

""" 

def fl_cent_client_processing(localData, privateData, msg): 

    b0, b1 = logistic_regression(privateData[0], privateData[1], msg[0], msg[1]) 

    return [b0, b1] 
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""" 

Server callback function arguments and usage. 

Format: msgs = [[b00, b01], [b10, b11], ...]. In bij: i - partition (or client) index, j - coefficient index. 

Usage: privateData is not used and msgs contains clients' models. 

""" 

def fl_cent_server_processing(privateData, msgs): 

    aggregated_b0 = np.mean([model[0] for model in msgs]) 

    aggregated_b1 = np.mean([model[1] for model in msgs]) 

    return [aggregated_b0, aggregated_b1] 

< ChatGPT: > The seq_horizontal_federated_with_callbacks function performs federated learning using 

callbacks. 

< Authors to ChatGPT: > You made just one mistake in the function 

seq_horizontal_federated_with_callbacks, the server should calculate the aggregated model after all the 

clients updated their models, so the sever callback function should not be called within the for loop but after 

that loop. Please could you correct that mistake and give the corrected function? 

< ChatGPT: > Apologies for the mistake. Here's the corrected version of the function. In this updated version, 

the server callback function fl_cent_server_processing is called after all the client models have been collected 

in the client_models list. 

Questionnaire answers: 

1. On a scale from 1 to 10, I would rate this assignment as a 6. It involves understanding the concept of 

federated sequential code with callbacks and implementing the necessary changes in the provided code. 

While it may require some familiarity with the concepts of federated learning and callback functions, 

the guidelines provided in the assignment help in completing the task. 

2. The most important part of the context for completing the assignment is the understanding of federated 

sequential code and the purpose of using callbacks in the context of federated learning. The guidelines 

provided in the assignment describe the steps involved in transforming the original code into code with 

callbacks, which helps in understanding the expected changes. 

3. The redundant part of the context is the mention of the specific logistic regression model and the dataset 

("Social_Network_Ads.csv"). While they provide a concrete example for the assignment, the main focus 

is on transforming the code into a federated sequential code with callbacks. The specific model and 

dataset used can be considered irrelevant to the main objective of the assignment, as the transformation 

process would apply to other models and datasets as well. 

4.3. Phase 4 

The context for phase 4, see Table 5, comprises the revised general phase 4 guidelines, 

the description of the formats of the callback functions, the important note on the 

formats of messages, the assignment for ChatGPT with additional notes (added in the 

second version of the context, which was also the final version), the tweaked code from 

phase 3, and the placeholders for the code completion. 

Table 5. The context for phase 4 of the four-phases paradigm 

""" 

General phase 4 guidelines: 

< Here was a copy of the text from Section 3.2 modified according to the note in Section 3.3.  > 

 

The PTB-FLA API includes the following functions that are defind in the class PtbFla. 

PtbFla(noNodes, nodeId, flSrvId=0), no return value. 

fl_centralized(sfun, cfun, ldata, pdata, noIters=1), returns ldataUpdated. 

Where: 

sfun is the server callback function, 

cfun the client callback function, 

ldata the local data (typically a model), 

pdata the private data (typically training data), 
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noIters the number of iterations (default value is 1), and 

ldataUpdated is the updated ldata. 

 

The client and server callback functions have the following format. 

< The description is the same as in Table 3. > 

 

IMPORTANT NOTE: 

< The note is the same as in Table 3. > 

 

Assignment: 

Using the phase 4 guidelines, rewrite the federated sequential code with callbacks, which is given in the 

function seq_horizontal_federated_with_callbacks, into the PTB-FLA code in the function main, which is 

launched as noNodes processes. Important notes related to the assignment follow. 

Note 1: Please do not introduce any new functions, just complete the function main! 

Note 2: PTB-FLA code should use the same client and server callback functions as the function 

seq_horizontal_federated_with_callbacks! 

Note 3: Since there is one server and noClinets clients, noNodes = noClients + 1 i.e., noClients = noNodes 

- 1. 

""" 

< Here we provided the tweaked code from phase 3 see Table 4. > 

 

""" 

The function main is executed by noNodes processes (or nodes) and each process gets its own command 

line arguments. 

Assume that for all nodes noNodes is 3 and flSrvId is 2,  

and individual nodes are assigned nodeId values 0, 1, and 2, respectively. 

""" 

def main(): 

    # Process command line arguments 

    noNodes = int( sys.argv[1] ) 

    nodeId = int( sys.argv[2] ) 

    flSrvId = int( sys.argv[3] ) 

    """ Please complete this function """ 

The tweaked code and the feedback for phase 4 are given in Table 6. This session 

was a bit disappointing and time consuming and was exactly the reason why we changed 

the process to manually tweak the code in case when it contains a small number of 

obvious bugs rather than continuing a seemingly endless and diverging sessions. 

In this case, it took us six attempts to guide ChatGPT with additional explanations 

and notes from our side so that it produces the correct code. However, even the code we 

got in the sixth attempt that at glance looked like right, had a single bug, which we 

discovered when executing the code, and which we decided to manually tweak to get it 

right (see TWEAK 2 in the code in Table 6). Overall, we may state that this effort paid 

off as the final tweaked code is of better quality than the manually written code in [4] 

(because it is generalized for any number of clients and has better usage of APIs). 

Both the explanation of the generated code and the questionnaire answers are sound 

and human-like. ChatGPT rated the hardness of the assignment as 7. The third answer 

needs to be explained. Although the phase 3 code already comprised the client and 

server callback functions, ChatGPT introduced new callback functions (server_callback 

and client_callback) and used them instead of already provided functions (and this was 

not the only problem in the generated code). Perhaps it introduced these new callback 

functions because it remembered that it was asked is previous assignments to create 

callback functions. No matter what the reason was, these new functions that ChatGPT 
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introduced were redundant, and in its third answer it admitted it, however this does not 

compromise the context minimality. 

Table 6. The tweaked code and the feedback for phase 4 of the four-phases paradigm 

< To save space only the function main is shown, and only the most important TWEAK. > 

 

""" 

The function main is executed by noNodes processes (or nodes) and each process gets its own command line 

arguments. 

Assume that for all nodes noNodes is 3 and flSrvId is 2,  

and individual nodes are assigned nodeId values 0, 1, and 2, respectively. 

""" 

def main(): 

    # Process command line arguments 

    noNodes = int(sys.argv[1]) 

    nodeId = int(sys.argv[2]) 

    flSrvId = int(sys.argv[3]) 

 

    # Load the data 

    data = pd.read_csv("Social_Network_Ads.csv") 

     

    # Divide the data into training set and test set 

X_train, X_test, y_train, y_test = train_test_split(data['Age'], \ 

data['Purchased'], test_size=0.20, random_state=42) 

     

    # Split the training data into partitions 

    noClients = noNodes - 1  # Number of clients 

    partitions_X_train = np.array_split(X_train, noClients) 

    partitions_y_train = np.array_split(y_train, noClients) 

     

    # Create an instance of PtbFla 

    ptb = PtbFla(noNodes, nodeId, flSrvId) 

     

    # Prepare local data and private data for the current node 

    localData = [0.0, 0.0]  # Initial local data (model coefficients) 

     

# TWEAK 2: the server doesn't have its private data, so the next 2 lines were - 

# added and the 3rd is indented 

    privateData = None 

    if nodeId != flSrvId: 

        privateData = [partitions_X_train[nodeId], partitions_y_train[nodeId]]  # Private data 

     

    # Perform federated learning using PTB-FLA 

updated_ldata = ptb.fl_centralized(fl_cent_server_processing, \ 

fl_cent_client_processing, localData, privateData) 

     

    # Get the final aggregated model coefficients 

    aggregated_b0, aggregated_b1 = updated_ldata 

print(f"The final model coefficients: \ 

aggregated_b0={aggregated_b0}, aggregated_b1={aggregated_b1}") 

     

    # Test the aggregated model on the test data 

    y_pred, accuracy = evaluate(X_test, y_test, aggregated_b0, aggregated_b1) 

    print(f"Accuracy = {accuracy}") 

     

    # TWEAK 3: this code was added to make it comparable with handwritten code 

    # Must be 
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    if nodeId == flSrvId: 

        refbs = seq_horizontal_federated_with_callbacks() 

        assert refbs[2][0] == aggregated_b0 and refbs[2][1] == aggregated_b1, \ 

        "b0 and b1 must be equal to ref_b0 and ref_b1, respectively!" 

     

    # Shutdown 

    del ptb 

    pkey = input('press any key to continue...') 

< Below is the ChatGPT explanation after the first attempt. > 

I have updated the main() function to include the PTB-FLA code. The client and server callback functions 

remain the same. The PtbFla instance ptb is created, and the local and private data are prepared. The server 

and client callback functions are defined as inner functions within main(). Finally, the callback function calls 

are replaced with the fl_centralized function call on the ptb object. 

< To save space our dialog with ChatGPT in the next five attempts is not shown here. > 

Questionnaire answers: 

1. I would rate this assignment a 7 on the difficulty scale. The assignment involved understanding the 

concept of federated learning, callback functions, and their integration into the PTB-FLA code. It 

required careful reading and interpretation of the provided context to ensure the correct implementation. 

2. The most important part of the context was the description of the PTB-FLA API functions, namely 

PtbFla and fl_centralized. Understanding their input arguments, return values, and how they should be 

used was crucial in completing the assignment. 

3. The redundant part of the context was the introduction of new callback functions (server_callback and 

client_callback). These functions were not required and caused confusion. It was sufficient to use the 

provided callback functions fl_cent_server_processing and fl_cent_client_processing directly in the 

fl_centralized function call. 

5. Two-Phases Paradigm Validation 

This section presents the validation of the two-phases paradigm adapted for ChatGPT. 

As phase 1 is conducted manually, we immediately proceed to phase 2.  

The context for phase 2, see Table 7, comprises the revised general guidelines for the 

two-phases paradigm, the description of the formats of the callback functions, the 

important note on the formats of messages, the assignment for ChatGPT with additional 

notes (added in the second version of the context, which was also the final version), the 

referent code from phase 1, and the placeholders for the code completion. 

Table 7. The context for phase 2 of the two-phases paradigm 

""" 

Revised general guidelines for the two-phases paradigm: 

< Here was a copy of the text from Section 3.3. > 

 

The PTB-FLA API includes the following functions that are defined in the class PtbFla. 

< The description is the same as in Table 5. > 

 

The client and server callback functions have the following format. 

< The description is the same as in Table 3. > 

IMPORTANT NOTE: 

< The note is the same as in Table 3. > 

 

Assignment: 

Rewrite the referent sequential code, which is given in the function seq_base_case, into the PTB-FLA 

code in the function main and supplementary client and server callback functions in the functions 

fl_cent_client_processing and fl_cent_server_processing, respectively. The PTB-FLA code is launched as 
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noNodes processes. Important notes related to the assignment follow. 

Note 1: There is one server and noClinets clients, noNodes = noClients + 1 i.e., noClients = noNodes - 1. 

Note 2: The server does not have its own private data. 

""" 

< Here we provided the referent sequential code from phase 1, see Table 1. > 

 

< The prolog comment for the function below is the same as in Table 3. > 

def fl_cent_client_processing(localData, privateData, msg): 

    """ Please complete this function """ 

 

< The prolog comment for the function below is the same as in Table 3. > 

def fl_cent_server_processing(privateData, msgs): 

    """ Please complete this function """ 

 

< The prolog comment for the function below is the same as in Table 5. > 

def main(): 

    # Process command line arguments 

    noNodes = int( sys.argv[1] ) 

    nodeId = int( sys.argv[2] ) 

    flSrvId = int( sys.argv[3] ) 

    """ Please complete this function """ 

The tweaked code and the feedback for phase 2 are given in Table 8. This session 

started great as ChatGPT immediately produced perfect callback functions and the 

function main with just a single bug – it “forgot” that FL server doesn’t have its own 

private data. This code was easily tweakable, and we consider this as a great 

achievement – it justifies both the paradigm/context effectiveness and comes close to an 

ideal solution where a developer gives the context and the input referent sequential code 

and gets back (almost) the perfect target PTB-FLA code. 

Now because the code was easily tweakable, we wanted to see whether ChatGPT 

could tweak it on its own, so we added two additional notes related to the assignment (in 

the second version of the context in Table 7). Unfortunately, ChatGPT unexpectedly 

produced the code that was more far away from the target code. So, we entered a rather 

tedious session and finally in the sixth attempt ChatGPT produced the correct function 

main. Overall, we may again state that this effort paid off as the final tweaked code is of 

better quality than the manually written code in [4]. 

The dialog with ChatGPT was cumbersome but the questionnaire answers are sound 

(except the third one) and human-like. ChatGPT rated the hardness of the assignment as 

7. The third answer came unexpectedly, because in this session ChatGPT did not 

introduce new callback functions at all, obviously it mixed up this session with the 

previous one however this does not compromise the context minimality. 

Table 8. The tweaked code and the feedback for phase 2 of the two-phases paradigm 

< To save space only the function main and the callback functions are shown. > 

 

def fl_cent_client_processing(localData, privateData, msg): 

    b0, b1 = logistic_regression(privateData[0], privateData[1], msg[0], msg[1]) 

    return [b0, b1] 

 

def fl_cent_server_processing(privateData, msgs): 

    aggregated_b0 = np.mean([model[0] for model in msgs]) 

    aggregated_b1 = np.mean([model[1] for model in msgs]) 

return [aggregated_b0, aggregated_b1] 
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def main(): 

    # Process command line arguments 

    noNodes = int(sys.argv[1]) 

    nodeId = int(sys.argv[2]) 

    flSrvId = int(sys.argv[3]) 

    print(noNodes, nodeId, flSrvId) 

 

    # Load the data 

    data = pd.read_csv("Social_Network_Ads.csv") 

     

    # Divide the data to training set and test set. For reproducible set random_state=42. 

X_train, X_test, y_train, y_test = train_test_split(data['Age'], \ 

data['Purchased'], test_size=0.20, random_state=42) 

 

    # Split the training data into partitions 

    noClients = noNodes - 1  # Number of clients 

    partitions_X_train = np.array_split(X_train, noClients) 

    partitions_y_train = np.array_split(y_train, noClients) 

 

    # Initialize the PTB-FLA object 

    ptb = PtbFla(noNodes, nodeId, flSrvId) 

     

    # Prepare local data and private data for the current instance 

    localData = [0.0, 0.0]  # Initial values of coefficients 

privateData = None if nodeId == flSrvId \ 

else [partitions_X_train[nodeId], partitions_y_train[nodeId]] 

 

    # Perform federated learning using PTB-FLA 

updated_ldata = ptb.fl_centralized(fl_cent_server_processing, \ 

fl_cent_client_processing, localData, privateData) 

 

    # Get the updated model coefficients 

    aggregated_b0, aggregated_b1 = updated_ldata 

     

    # Print the final model coefficients 

print(f"The final model coefficients: \ 

aggregated_b0={aggregated_b0}, aggregated_b1={aggregated_b1}") 

     

    # Test the aggregated model on the test data 

    y_pred, accuracy = evaluate(X_test, y_test, aggregated_b0, aggregated_b1) 

    print(f"Accuracy = {accuracy}") 

     

    # Must be (TWEAK 2) 

    if nodeId == flSrvId: 

        refbs = seq_horizontal_federated_with_callbacks() 

        assert refbs[2][0] == aggregated_b0 and refbs[2][1] == aggregated_b1, \ 

        "b0 and b1 must be equal to ref_b0 and ref_b1, respectively!" 

     

    # Shutdown 

    del ptb 

    pkey = input('press any key to continue...') 

< ChatGPT: > Please complete the fl_cent_client_processing and fl_cent_server_processing functions as per 

the assignment instructions. 

< Authors to ChatGPT: > Please could you also complete the callback functions. 

< ChatGPT (after flashing out the functions): > These callback functions implement the logistic regression 

training on each client partition and the aggregation of the models on the server side, respectively. 

< To save space our dialog with ChatGPT in the next five attempts is not shown here. > 

Questionnaire answers: 
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1. I would rate this assignment a 7 on the difficulty scale. It involves understanding and applying the 

concepts of federated learning, PTB-FLA, and callback functions to transform a sequential code into a 

distributed PTB-FLA code. Additionally, there were some details and modifications required to address 

specific issues and bugs. 

2. The most important part of the context was understanding the PTB-FLA framework, including the 

functions PtbFla, fl_centralized, and the roles of the server and client callback functions. Additionally, 

understanding the structure and format of the local data and private data used in the example was 

crucial for completing the assignment. 

3. The redundant part of the context was the introduction of new callback functions (server_callback and 

client_callback) in the earlier versions of the code. These functions were not required, and the provided 

callback functions (fl_cent_server_processing and fl_cent_client_processing) should have been used 

instead. 

6. Adapted Development Paradigms Performance 

In this section, we report on the adapted development paradigms performance in terms 

of human labour (in working hours) and size of ChatGPT context (in number of 

characters with spaces) needed to develop the logistic regression PTB-FLA code. We 

would like to emphasize that data on human labour should be treated as rough estimates 

because it is based on our freeform notes in private diaries. Data on ChatGPT context 

size are exact and we got them by the text editor. 

Table 9 is organized as follows, the left part relates to the human labor and the right 

part relates to the ChatGP contexts size, the top part contains raw (input) data, and the 

bottom part contains calculated (output) data; some of the fields and not applicable (but 

this should be obvious, so we skip explaining these exceptions). There are two types of 

calculated data: (i) the working speed up that is defined as the ratio of working hours, 

and (ii) the ChatGTP context size reduction that is defined as the ratio of ChatGPT 

context sizes. 

Table 9. Adapted paradigms performance data 

 Human labour [h] Context size [ch with spaces] 

Phase 4-Ph human 4-Ph GPT 2-Ph GPT 4-Ph GPT 2-Ph GPT 

Phase 2 8 4 4 2462 2685 

Phase 3 12 4  2593  

Phase 4 4 4  2334  

Total 24 12 4 7389 2685 

 Speed up: 2 6 Reduction: 2.75 

The calculated data in the bottom raw reveal encouraging results, the adapted 4-

phases development paradigm for ChatGPT achieved the speed up of 2 times over the 

original 4-phases development paradigm for humans, whereas the adapted 2-phase 

development paradigm for ChatGPT achieved the speed up of 6 times over the original 

4-phase development paradigm for humans. However, one should keep in mind that 

these impressive results are based on rough estimates of working hours. 

Regarding the ChatGPT context sizes, the calculated data in the bottom row of Table 

9 reveal that the adapted 2-phases development paradigm for ChatGPT achieves the 

context size reduction of 2.75 times over the adapted 4-phases development paradigm 

for ChatGPT i.e., it makes using ChatGPT 2.75 times cheaper. 
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7. Related Work 

To make it easier to follow, we start this section with a taxonomy of the features and a 

classification of related works by the features, see Table 10. The taxonomy comprises 

the following features: (1) low code and no code paradigms, (2) code generation, (3) 

paradigm adaptations for ChatGPT, and (4) other (references not directly comparable 

with this paper). For references comparable with this paper (not in “Other”), we discuss 

their weakness and how this paper solves this weakness. 

Table 10. Related works versus the taxonomy features 

Paper Low code 

No code 

Code 

Generation 

Paradigm 

Adaptatio

n 

Other (Comment) 

This Yes Yes Yes  

1    Yes (Umbrella EU project) 

2    Yes (Target FL framework) 

3    Yes (Logistic regression use case inputs) 

4 Yes    

5 Yes Yes   

6  Yes   

7    Yes (Text-bot usage modes by P.J. Denning) 

8  Yes   

9  Yes   

10    Yes (Status of the ChatGPT popularity) 

11    Yes (Overview of low code program. models) 

12 Yes Yes   

13 Yes    

14    Yes (Discussion on ChatGPT privacy issues) 

15    Yes (Well-known ChatGPT hallucinations) 

16    Yes (Strategies for ChatGPT hallucinations) 

17    Yes (Strategies for ChatGPT hallucinations) 

18    Yes (Strategies for ChatGPT hallucinations) 

19    Yes (Assessment of program. assignments) 

20    Yes (Abstract state machines, Fed. Networks) 

21    Yes (Discussion thread summarising systems) 

22    Yes (Decision-making for mental health) 

 

Not long ago, various systems and frameworks have appeared that can automate code 

generation e.g., Amazon’s CodeWhisperer, GitHub’s Copilot, IBM’s Project Wisdom, 

etc. Although it is unlikely AI will eliminate jobs for developers anytime soon, it is 

poised to revolutionize the way software is created. For instance, the OpenAI Codex 

generates software in many popular programming languages, including Python, Perl, 

Ruby, and PHP [6]. Discussion: from the three relevant features, [6] only features code 

generation, whereas this paper additionally features low code and paradigm adaptation. 

P.J. Denning has seen three modes of interaction with text-bots: jump-start, 

provocateur, and appropriator. In this paper we use the jump-start mode, and this term 

means the bot helps the human complete a job faster e.g., a programmer asks a text-bot 

to generate initial code, then reviews and edits to make it error free [7]. This reference is 

classified as “Other” in Table 10. 
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Sarkar et al. explored how programming with large language models is similar and 

different from the prior conceptualisations of programmer assistance and found that 

while LLM-assisted programming shares some properties of compilation, pair 

programming, and programming via search and reuse, there are some fundamental 

differences [8]. Discussion: from the three relevant features, [8] only features code 

generation, whereas this paper additionally features low code and paradigm adaptation. 

Bird et al. conducted three studies to understand how developers use GitHub Copilot: 

(i) an analysis of forum discussions from early Copilot users, (ii) a case study of Python 

developers using Copilot for the first time, and (iii) a large-scale survey of Copilot users 

to understand its impact on productivity [9]. Discussion: from the three relevant 

features, [9] only features code generation, whereas this paper additionally features low 

code and paradigm adaptation. 

However, it seems that ChatGPT is still generally the most popular LLM with its 180 

million users as of December 2023 [10] and therefore we decided to use it for validation 

of our adapted development paradigms in this paper. This reference is classified as 

“Other” in Table 10. 

Martin Hirzel in his recent paper on low-code programming models [11] discussed 

the following three representative techniques for low-code programming: visual 

programming languages (VPLs), programming by demonstration (PBD), and 

programming by natural language (PBNL), and all three languages use some domain-

specific language (DSL) that is typically embedded in a general-purpose programming 

language (like Python). In the context of [11], the approach used in this paper is close to 

low-code approach based on PBNL. This reference is classified as “Other” in Table 10. 

Busch et al. in [12] extended their language driven engineering environment (LDE) 

for low-code/no-code development via dedicated DSLs to also support specification in 

natural language with the following benefits: (i) the tasks to be solved via LLM-based 

code generation can be tailored in size and conceptual complexity and (ii) the overall 

heterogeneously constructed system can be directly validated at system level using 

automata learning and model analysis. The main difference between this paper and [12] 

is that in this paper the final PTB-FLA code is correct by construction and is 

semantically equivalent to the referent sequential code (both produce the same results). 

Discussion: from the three relevant features, [12] features low-code/no-code and code 

generation, whereas this paper additionally features paradigm adaptation. 

An interesting approach to low-code implementation and no-code reuse is given in 

[13], where authors use Pyrus, a web-based, low-code/no-code graphical modelling 

environment for ML and data analytics applications, to solve the challenge of re-using 

AI/ML models that do not address data with imbalanced class by implementing ML 

algorithms in Python that do the re-balancing and then using these algorithms and the 

original models in the data processing pipelines in Pyrus. At present, this paper uses a 

low-code approach, and extending it by no-code reuse is an interesting direction for the 

future work. Discussion: of the three relevant features, [13] features only low-code/no-

code, whereas this paper additionally features code generation and paradigm adaptation. 

Regarding the discussion on data privacy issues with ChatGPT (issues with open 

code, who is owning the data when query is sent and what can OpenAI do with the data, 

etc.) [14], we would like to clarify that in our development process (see Section 4) 

ChatGPT never receives the private data (i.e., the data that is used to train the model), it 

only receives the program code. Therefore, in this respect, our development process is 
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completely aligned with the idea of federated learning. Other issues covered in [14] are 

out of the scope of this paper. This reference is classified as “Other” in Table 10. 

In this paper, we accepted the well-known ChatGPT hallucinations [15] as a kind of 

tool imperfectness, because they were rarely happening in our experiments, and 

therefore we did not try to mitigate or counter them. Meanwhile, some strategies were 

proposed to tackle this issue [16-18], and we plan to conduct research in this direction in 

our future work. These references are classified as “Other” in Table 10. 

At the end of this section, we would like to shortly mention the four interesting papers 

that are orthogonal to this paper and relevant to our longer-term future work. 

First, Paiva et al. in [19] provided a thorough comparison of the most widespread 

semantic graph representations for the automated assessment of programming 

assignments. This and similar techniques and tools may be used to assess the program 

codes received from the ChatGPT. This reference is classified as “Other” in Table 10. 

Second, Ghilezan et al. in [20] designed the architecture of the overlay network 

federation using abstract state machines, and they showed that the federation can be used 

as a formal model of forward contact tracing in the context of Covid-19 pandemic. 

Abstract state machines or similar formal methods perhaps may be used to formally 

verify the program codes received from ChatGPT. This reference is classified as 

“Other” in Table 10. 

Third, Khan et al. in [21] we introduce the long short-term memory (LSTM) auto-

encoder as a sentence embedding technique to improve the performance of the 

discussion thread summarizing system (DTS), which creates a candid view of the entire 

discussion of a query. DTS and similar techniques and tools may be used to 

independently analyze series of longer sessions with ChatGPT when developing more 

complex PTB-FLA algorithms. This reference is classified as “Other” in Table 10. 

Fourth, Yu and Lin in [22] provided a scientific decision-making basis for mental 

health education in colleges and universities by extracting the classification rules from 

the optimal decision tree model. Similar techniques and tools may be used to analyze 

ChatGPT responses. This reference is classified as “Other” in Table 10. 

8. Conclusion and Future Work 

In this paper, we present the four-phase and the two-phase PTB-FLA development 

paradigms adapted to be used by ChatGPT. The former paradigm comprises the four 

phases: (1) the sequential code, (2) the federated sequential code, (3) the federated 

sequential code with callbacks, and (4) the PTB-FLA code, whereas the latter comprises 

the two phases: (1) the sequential code and (2) the PTB-FLA code. The PTB-FLA 

development paradigms were adapted and validated using the logistic regression case 

study, where centralized FL algorithms were developed. 

The main original contributions of this paper are: (1) the PTB-FLA development 

paradigms adapted for ChatGPT, (2) our contexts (i.e., prompts) for the individual 

phases, the tweaked program codes, and the questionnaire, (3) ChatGPT generated 

program codes, the explanations, and the questionnaire answers, and (4) the report on 

adapted development paradigms performance in terms of human labour and ChatGPT 

context size. 
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The main advantages of all the PTB-FLA development paradigms over ad hoc 

approach are: (1) developed FLAs are correct by construction (they produce the same 

results as their referent sequential counterparts) and (2) the development of FLAs is 

easier than by ad hoc approach. 

The main advantage of the two PTB-FLA development paradigms adapted for 

ChatGPT over the original development paradigm for humans is that they are faster and 

cheaper, because they require less human labour, and it is reasonable to assume that 

ChatGPT costs will be negligible compared to human labor (at this time it is for free). 

When comparing the two PTB-FLA development paradigms adapted for ChatGPT, 

the two-phase paradigm: (1) aids easier development that is close to an ideal solution 

where a developer gives the context and the input referent sequential code and gets back 

(almost) the perfect target PTB-FLA code, and (2) it is cheaper to use as it requires 

smaller ChatGPT context. 

The main shortcoming of all the PTB-FLA development paradigms (both for humans 

and ChatGPT) is that they still have not been tested during the development of some real 

applications. 

The main limitation of this paper is that only ChatGPT was used in the experimental 

validation. 

The main directions of the future work are: (1) use the PTB-FLA development 

paradigms to develop other more complex FLAs and real applications, (2) continue 

improving the PTB-FLA development paradigms based on the feedback from 

developing more complex FLAs and real applications, (3) research adapting and 

specifying the PTB-FLA development paradigms for other emerging AI tools e.g., other 

general purpose LLMs like Bard, as well as other models that are specialized for coding, 

such as Code LLama, StarCoder, WizardCoder, and Safurai 001, etc., and (4) research 

techniques to mitigate ChatGPT hallucinations. 
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Abstract. Proteolysis-targeting chimeras (PROTACs) introduce a novel paradigm
in drug development, incorporating three essential components: the warhead, the
E3 ligand, and the linker. The complexity of the ternary structure, particularly the
intricate design of the linker, presents a significant challenge in PROTACs drug de-
sign. Here an integrated protocol for design and evaluation of PROTACs targeting
specific proteins, called TRL-PROTAC is proposed. TRL-PROTAC is focused on
the de novo design of complete PROTACs by effectively joining the designed lig-
ands targeting the proteins of interest (POI) with linkers. The ligands for POIs and
E3 ligases are generated by a molecular generation model for targeting proteins,
and the linker design is generated by a sequence-to-sequence model consisting of
a transformer variant and the policy-based reinforcement learning method which is
employed to optimize the reward values for generating PROTACs. The three com-
ponents are then integrated and optimized based on their pharmacokinetic (PK) and
degradation (DEG) properties. The experimental results have strongly confirmed
that TRL-PROTAC is superior in optimizing properties. For existing PROTACs,
TRL-PROTAC improves DEG scores by 0.45 and lowers PK scores by 1.20. More-
over, TRL-PROTAC enhances binding affinity by 2.15 in PROTACs generated from
scratch.

Keywords: proteolysis-targeting chimeras, transformer, reinforcement learning, drug
design, protein-ligand interaction.

1. Introduction

Proteolysis-targeting chimeras (PROTACs) are a promising new class of drugs [1], [2],
[3]. The PROTAC molecule consists of three parts: one ligand (warhead) binding to the
POI, one ligand (E3 ligand) for recruiting an E3 ubiquitin ligase and a chemical bridge
(linker) that links the two ligands. This enables the target protein and ubiquitin E3 lig-
ase to be recognized and induced to undergo polyubiquitination, leading to target pro-
tein degradation and disease treatment [4]. Unlike traditional occupancy-driven inhibitors
that require sufficient binding affinity to the druggable site of the target protein to exert
their effects, PROTACs utilize event-driven mechanisms and only need to bind briefly to

⋆ Corresponding author
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the target protein to induce its ubiquitination and degradation. The advantages of event-
driven drugs such as PROTACs are that they enable the efficacy of drugs even at sub-
stoichiometric concentrations [5]. Moreover, an equivalent PROTAC can degrade multiple
equivalent target proteins and avoid off-target effects caused by high drug concentrations.
Additionally, many proteins play important roles in cancer development but lack drug-
gable pockets, making them "undruggable" by small molecule drugs [6]. However, the
emergence of PROTAC technology has made most protein targets in human cells "drug-
gable", greatly expanding the therapeutic prospects of difficult-to-treat diseases such as
metabolic syndrome. Moreover, the ability to persistently block downstream signals and
delay kinase recombination reduces the likelihood of target compensation, as demon-
strated in multiple biological evaluations of PROTACs [7].

The process of traditional drug development is notoriously low in success rate, given
that it involves target validation, high-throughput screening, optimization of lead com-
pounds, preclinical trials, and clinical trials, all of which are expensive and time-consuming
[8]. However, the development of artificial intelligence (AI) has had a significant im-
pact on the pharmaceutical industry, reducing the time and cost of drug development and
shortening the development cycle [9], [10], [11]. AI has emerged as an important tool in
computational-aided drug design [12], [13], [14], [15], [16]. Currently, AI-assisted drug
design methods can be primarily classified into three categories: structure-based meth-
ods, ligand-based methods [17], and hybrid methods [18]. Among the structure-based
methods, those focusing on protein structure and the dynamic properties of proteins are
emerging as a promising direction for development [19]. Amongst, the representative Al-
phaDrug model was proposed by Qian et al. [20] for the de novo generation of molecules
targeting specific target proteins. The Monte Carlo tree search (MCTS) algorithm was
used to search for candidate drugs in all possible molecular spaces. This approach enabled
candidate drugs to correctly dock with protein targets in an exclusive manner. Another
representative model was the reinforcement learning (RL) model proposed by Olivecrona
et al. [21]. This model utilized Recurrent Neural Networks (RNNs) [22] in combination
with the reinforcement learning method for de novo drug design and introduced an aug-
mented likelihood function for training.

Initially developed in different domains, machine learning (ML) techniques are in-
creasingly being applied to drug discovery due to their potential to expedite the entire
drug development process. As a result, a wide range of ML methods, including Artificial
Neural Networks (ANNs) [23], RNNs [22], Long Short-Term Memory (LSTM) networks
[24], and Transformer models [25], are being applied in drug design, particularly in ad-
dressing the challenges of predicting compound bioactivity. In contrast, deep learning in
PROTACs is still in its infancy. PROTACs are distinct from conventional small-molecule
drugs in that they consist of three components. When considering the generation of PRO-
TACs, not only the effectiveness of the generated individual small molecules should be
considered, but also the pharmacological properties of the overall molecule, particularly
the linker generation [26]. Due to the complex and dynamic nature of the ternary structure,
linker design remains a significant challenge.

Previous studies have shown that representing PROTACs as SMILES strings is fea-
sible for linker generation. Yang et al. [27] transformed linker design into a sentence
completion task and introduced a language model SyntaLinker to generate novel link-
ers. Zheng et al. [26] used a pair of warhead and E3 ligand as input and outputted the
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designed PROTACs with favorable properties that are chemically feasible. To generate
PROTACs with better pharmacokinetic (PK) properties, a Proformer model [26] was
developed through pre-training and fine-tuning. This model was then integrated into a
memory-augmented reinforcement learning framework with an experience reward func-
tion, which facilitated the generation of optimized PROTACs. Li et al. [8] proposed the
DeepPROTACs model to help design effective PROTACs. Ligands and binding pockets
were represented as graphs, and a graph convolutional network was applied to extract their
features. As for linkers, they were fed into the model as SMILES strings and features were
extracted using a bidirectional LSTM layer.

Zheng et al. [26] made remarkable contributions in the field of PROTACs, but their
model only considered the PK property of generated PROTACs, where a smaller PK value
indicates a higher oral availability of the molecule. However, in some cases, optimizing
for a smaller PK value can lead to a smaller DEG value, which reduces the molecule’s
degradation efficacy, and this is not desirable. Furthermore, when more complex war-
heads and E3 ligands were input into their model, beyond the scope of the training and
testing datasets, the model was unable to generate valid PROTAC molecules. The likely
reason was that their molecular generation task involved first generating complete PRO-
TAC molecules and then checking for the presence of warheads and E3 ligands. This task
required the model to generate accurate warheads and E3 ligands as a prerequisite. How-
ever, the ultimate goal was to generate linkers, which made the generation of warheads
and E3 ligands an additional burden for the model.

In this work, a rational strategy (TRL-PROTAC) targeting specific proteins for the de-
sign and evaluation of PROTACs with both better pharmacokinetic (PK) properties and
higher degradation (DEG) efficacy was proposed for the first time. To address the is-
sues raised in the preceding paragraph, we proposed a novel molecular generation task
in which linkers were directly generated from the given warheads and E3 ligands using a
pre-trained generator, the Lmser Transformer. Subsequently, these generated linkers were
concatenated with the original components to obtain complete PROTACs. To acquire war-
heads and E3 ligands that possess higher binding affinity to target proteins, we employed
the AlphaDrug model [20] to generate novel warheads and E3 ligands. To obtain PRO-
TACs with desired properties, a policy-based reinforcement learning method is employed.
Additionally, the probabilities predicted by the DeepPROTACs model were incorporated
as DEG scores into the reward function of the reinforcement learning method along with
PK scores, and a reward function was creatively proposed that simultaneously optimized
both PK and DEG properties during the molecule generation process.

Objectives. The objectives of our work can be summarized as follows:

• Designing complete PROTACs targeting the POI. For this objective, we introduced a
novel approach to design and optimize PROTACs targeting the POI (Section 3.1).

• Solving the model training problem for PROTACs with small amounts of data. For
this objective, we employed a pre-training and fine-tuning approach on the Lmser
Transformer model, which has been demonstrated to possess superior capabilities
in drug design [20], aimed to address challenges stemming from the limited dataset
(Section 3.2).

• Optimizing the properties of model-generated PROTACs. For this objective, we uti-
lized a reinforcement learning approach with an augmented likelihood function to
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optimize the Lmser Transformer, aiming to generate molecules with desirable prop-
erties (Section 3.3).

• Enhancing binding affinity between the warhead and the POI and between the e3 lig-
and and the e3 ligase. For this objective, the AlphaDrug model [20] was employed to
generate warheads and E3 ligands with enhanced binding affinity to the POI (Section
2.1).

Contributions. Our contributions can be summarized as follows:

• We proposed an effective strategy for the rational design of PROTACs targeting spe-
cific proteins, rather than designing PROTACs based on existing warheads and E3
ligands pairs.

• We introduced a novel approach to design PROTACs, which involves generating link-
ers with attachment points first, and then connecting these linkers to warheads and E3
ligands.

• We considered the pharmacokinetic and degradation properties of PROTACs in the
process of molecular generation by defining an appropriate reward function.

• We meticulously collected and provided structural data for the protein pockets tar-
geted by PROTACs.

• We conducted extensive experiments and visually presented the results through illus-
trations.

The structure of the remaining sections of this paper is outlined as follows. Section 2
presents a review of related work and the underlying motivation. In Section 3, we delve
into the specifics of our method. Section 4 elaborates on the experimental setups involv-
ing the use of the model, including data preparation. Section 5 outlines the experimental
validation of the model and the subsequent analysis of the results. Section 6 discusses the
potential applications of our method. Finally, Section 7 concludes and summarizes the
findings.

2. Related work and motivation

This section encompasses related work and the underlying motivation. Subsection 2.1 in-
troduces the AlphaDrug model used for de novo design of conventional small molecule
drugs, highlighting the insights it brings to this study. This subsection also provides de-
tails about the AlphaDrug model. Subsection 2.2 presents the methodology employed by
the DeepPROTACs model and its implications for this endeavor. Subsections 2.3 to 2.5
elaborate on the details of the three methods: Beam Search, Temperature Sampling and
the PROTAC-RL model.

2.1. AlphaDrug

AlphaDrug [20] is an advanced deep learning model that possesses the capability to design
ligands tailored to target proteins, taking into consideration the binding affinity between
the protein and ligand during the molecule generation process. Proteins are represented
as sequences of amino acids, and ligands are represented as SMILES strings. To facilitate
the inefficiency which is due to the information transfer bottleneck from the top layer
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of the encoder to various levels of decoder layers, a transformer variant called Lmser
Transformer is utilized [20]. By integrating AlphaDrug into the TRL-PROTAC frame-
work, we were empowered to initiate the design of PROTACs from scratch. The process
commenced with the identification of high-affinity warheads specific to target proteins
and high-affinity E3 ligands for specific E3 ligases. Subsequently, attachment points were
established to link the designed ligands, resulting in the formation of warheads and E3
ligands pairs, pivotal for the subsequent generation of PROTACs.

Additionally, the AlphaDrug model was trained on the PROTACs dataset and com-
pared with our model. The SMILES forms of warheads and E3 ligands are used as input
to the Lmser Transformer, while the SMILES forms of linkers are used as the output.
Furthermore, the MCTS algorithm is employed to optimize the properties of generated
PROTACs. It plays a crucial role in AlphaDrug. The MCTS algorithm is pivotal in rein-
forcement learning and decision-making tasks, extensively applied to explore vast state
spaces and determine optimal actions [28]. It finds applications in domains such as board
games, game AI, and resource allocation [29].

MCTS’s core idea is employing Monte Carlo simulations to estimate action values and
guiding the search process through a constructed tree. In this work, we have introduced
modifications to the MCTS process by incorporating the pre-trained Lmser Transformer
for simulation purposes. The algorithm comprises four key steps:

Step 1. Selection: Starting from the root node, nodes are traversed using a certain
strategy until an unexpanded node or a terminal state is reached. A modified version of the
Predictor with Upper Confidence bounds applied to Trees (PUCT) algorithm [30] is used,
which prioritizes nodes with fewer visits. The PUCT algorithm equation for selecting
child nodes is:

ãt = argmax
a∈A

(
Q
(
C̃t−1, a

)
+ U

(
C̃t−1, a

))
(1)

where ãt is a child node after t selections, C̃t−1 represents the context with the pair
of warhead and E3 ligand, and Q

(
C̃t−1, a

)
= Wa/Na represents the expected reward

for choosing symbol a in context C̃t−1, with Wa and Na representing the total reward
and visit count for the node; U

(
C̃t−1,a

)
= cpuctP

(
a | C̃t−1

)√
Nt/ (1+Nt(a)), with cpuct

controlling the degree of exploration.
Step 2. Expansion: If the chosen node has not been expanded, one or more child nodes

are added, representing potential actions.
Step 3. Simulation: Expanded child nodes are simulated via Lmser Transformer, gen-

erating outcomes based on reward or scoring rules.
Step 4. Backpropagation: Simulation rewards propagate back along the path from the

simulated node to the root, updating statistics such as visit counts and cumulative rewards.
MCTS has widespread applications in reinforcement learning, game strategy, and op-

timization problems. Its successful use in computer programs like AlphaGo underscores
its potent search and decision-making capabilities.

2.2. DeepPROTACs

DeepPROTACs [8] is a deep learning model specifically designed to predict the degrad-
ability of PROTACs. In the DeepPROTACs model, ligands and ligand binding pockets are
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generated and represented as graphs. These graph representations are then inputted into
Graph Convolutional Networks (GCNs) to extract relevant features. On the other hand,
SMILES representations of linkers are passed through a Bidirectional Long Short-Term
Memory (BiLSTM) layer to generate their respective features [8]. In our research, we
integrated the predicted probability from DeepPROTACs into the TRL-PROTAC model
to guide the determination of PROTAC degradability. By incorporating this probability
within the reward function of the policy-based reinforcement learning method, we were
able to consider the overall degradability of PROTACs during the process of linker genera-
tion. This integration facilitated the generation of PROTACs with enhanced degradability,
optimizing their effectiveness in targeted protein degradation.

2.3. Beam Search

Beam Search is a widely used decoding algorithm in sequence generation tasks, often
applied to tasks like machine translation and text generation [31]. It aims to find the
most likely sequence of tokens given a trained generative model. Unlike greedy decoding,
which selects the token with the highest probability at each step, Beam Search maintains
a fixed-size set of candidate sequences, known as the beam width.

The core idea of Beam Search is to explore multiple possible sequences simultane-
ously by considering a limited set of promising candidates. At each decoding step, the
algorithm expands each candidate sequence by generating all possible next tokens and
calculates their probabilities using the model. Then, it selects the top-k candidates with
the highest probabilities based on a scoring function. These candidates become the new
set of candidates for the next step. The scoring function combines the probability of the
current sequence with the probability of the new token, which can be defined as:

Score(s, y) = logP (y|s) (2)

where s is a candidate sequence, y is a new token, and P (y|s) is the probability assigned
by the generative model.

The algorithm repeats this process iteratively until the sequences reach the desired
length. One key parameter is the beam width, denoted as k, which determines how many
candidate sequences are kept at each step. Larger k values allow for more exploration but
may increase computation time. While Beam Search is efficient and can improve output
quality compared to greedy decoding, it may suffer from generating repetitive sequences
and missing out on diverse alternatives. Researchers have proposed variations like length
normalization and diverse beam search to address these issues.

In summary, Beam Search strikes a balance between exploration and exploitation,
leveraging a fixed-size set of candidate sequences to find high-probability solutions in
sequence generation tasks.

2.4. Temperature Sampling

When discussing the outputs of generative models, "Temperature Sampling" [32] stands
as a commonly used technique to modulate the diversity and determinism of model-
generated results. It introduces a temperature parameter τ to reweight the output probabil-
ity distribution, thereby influencing the generated outcomes. A higher temperature value
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τ smoothens the distribution, encouraging the model to sample from lower probability
options and enhancing result diversity. Conversely, a lower temperature value τ narrows
the distribution, prompting the model to favor high probability options and generating
relatively deterministic outcomes.

This temperature adjustment process can be expressed using the following equation:

Softmax(z)i =
exp (zi/τ)∑n
j=1 exp (zj/τ)

(3)

where zi represents the logits prior to softmax transformation, n denotes the possible
number of symbols, and i indicates the index of a specific symbol. By dividing logits by
the temperature parameter τ and then performing softmax normalization, a new probabil-
ity distribution Softmax(z) is obtained, where values reflect the probabilities of selecting
each symbol.

2.5. PROTAC-RL

The PROTAC-RL model [26] is a deep learning model designed to generate complete
PROTACs based on existing warheads and E3 ligands. This model utilizes reinforcement
learning to optimize the PK property of PROTACs. The model begins by one-hot en-
coding the source sequence (comprising warheads and E3 ligands sequences) and subse-
quently embedding it into a latent representation denoted as H. The decoder leverages H
to generate a probability distribution for the tokens, which are sampled iteratively. Sam-
pling continues until the model encounters the ending token "</s>", ultimately forming
the output sequence (the complete PROTACs sequence) Y = (y1, . . . , ym). The model’s
objective is to minimize the cross-entropy loss L, computed between the target sequence
Mt = (t1, . . . , tk) and the generated sequence Y :

L(Y,M) = −
k∑

i=1

yi log ti (4)

The PROTAC-RL model optimizes the generation of PROTACs attributes through a
Markov decision process. In this process, the action A = (a1, a2, . . . , am) represents the
sampling of tokens from a dictionary. The state S = (s1, s2, . . . , sm) is a hidden state,
representing intermediate molecules sampled in previous steps. The policy π refers to the
probability distribution of tokens learned by the model from the data. The reward R(Y )
is defined using the following equation [26]:

R(Y ) =

{
max

(
0, 1− 1

α |f(Y )− Target |
)
, if valid;

0, if invalid. (5)

where α is a scalar coefficient, f(Y ) is a function for calculating attributes, and Target
represents the custom target attribute value.

3. Methodology

In this section, we present the concrete methodology employed. Subsection 3.1 demon-
strates the overarching design approach for complete PROTACs. Subsection 3.2 details
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the training of ProLinker using pre-training and fine-tuning methods, along with the pro-
cess of designing from warheads and E3 ligands to linkers and merging the three com-
ponents. Subsection 3.3 elucidates the training of the policy network using policy-based
reinforcement learning.

3.1. Architecture of TRL-PROTAC

An integrated protocol for design and evaluation of PROTACs (Figure. 1) is proposed to
generate PROTACs with ideal properties (PK and DEG). As presented in Figure. 1, we
first utilized the AlphaDrug model to generate warheads and E3 ligands with high binding
affinity to the target proteins. To generate valid linkers, a novel end-to-end generation task
was proposed for the rational design of linkers from warheads and E3 ligands. In pursuit
of this goal, we initially pre-trained the Lmser Transformer, a transformer variant from
the AlphaDrug model, on a large dataset of quasi-PROTAC molecules. Subsequently, the
model was fine-tuned on a dataset of actual PROTAC molecules. The quasi-PROTAC
dataset and the actual PROTACs dataset are two different datasets. The actual PROTACs
dataset contains the PROTACs molecule, which is a ternary complex consisting of the
warhead, the linker and the e3 ligand. Whereas, the quasi-PROTAC dataset is a small
molecule dataset, where each data entry consists of only one small molecule. The pur-
pose of the model being trained on the quasi-PROTAC dataset first is to allow the model
to learn the syntactic information of the SMILES sequences. As a result, the trained model
named ProLinker was able to generate linkers. Following that, the reinforcement learn-
ing method was utilized for step-by-step molecule generation to generate PROTACs with
ideal properties.

Our model took warhead, POI pocket, E3 ligand and E3 pocket as input. In addition,
the ligands are encoded by the model in the form of SMILES strings, while the pockets are
encoded using mol2 files. All SMILES strings have already been tokenized to construct a
vocabulary. ProLinker was applied for sampling and predicting the next token based on in-
termediate molecules. The reinforcement learning method generated complete molecules
by performing sampling and subsequently calculated the reward score by RDKit [33] of
each molecule. Formally,

PK(X) = AB−MPS = |LogP(X)− 3|+NAR+NRotB (6)

Reward(X) = DEG ∗ 1

|LogP(X)− 3|+NAR+NRotB
∗ 10 (7)

where X is a PROTAC represented in SMILES format, LogP is commonly used to in-
dicate the lipophilicity of a compound, NAR represents the number of aromatic rings,
NRotB denotes the number of rotatable bonds, and DEG is the probability of degrada-
tion predicted by the DeepPROTACs model.

During the step-by-step generation process, the algorithm selects the optimal token for
the current step by taking into consideration the feedback score obtained from the previous
steps. According to the research conducted by DeGoey et al. [34], a notable negative cor-
relation (correlation coefficient r = −0.41) exists between AB-MPS and oral availability.
It was observed that a lower AB-MPS score is indicative of a higher oral availability of
the drug. Apart from that, the DEG score predicted by DeepPROTACs represented the
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Fig. 1. Flowchart of TRL-PROTAC which is a rational strategy for design and evaluation
of PROTACs targeting specific proteins. It encompasses three distinct components: the
generation of warheads and E3 ligands, the generation of linkers, and the optimization of
PROTAC properties

degradation efficacy of given PROTACs. A higher DEG score indicates a greater proba-
bility of degradation. The final reward function is derived from the integration of the two
aforementioned scores. Due to the fact that the resulting final score obtained by dividing
the DEG value by the PK value is relatively small, it has been decided to amplify the final
score by a factor of 10 and utilize it as the reward value.

3.2. ProLinker

ProLinker is a crucial step in the TRL-PROTAC workflow. Building upon the validated
efficacy of the Lmser Transformer architecture in the AlphaDrug model [20], ProLinker
adopted the same framework for its training process. Given the inherent scarcity of avail-
able datasets specific to PROTACs, our approach involved an initial pre-training phase
on a substantial collection of quasi-PROTAC molecules, followed by a fine-tuning stage
utilizing actual PROTACs. Detailed information about important parameters of ProLinker
is obtained in Section 4.3. Detailed procedures regarding pre-training and fine-tuning can
be found in Algorithm 1 and Algorithm 2.
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Algorithm 1 Pre-training with Lmser Transformer
Require: Pre-training data: quasi-PROTAC molecules Dquasi, learning rate: lr
Ensure: Pre-trained model parameters: θpre-trained

1: Initialize Lmser Transformer model with random weights: model← Lmser_Transformer()
2: Initialize optimizer: optimizer ← Adam(θpre-trained, lr)
3: for epoch← 1 to num_epochs do
4: for batch ∈ Dquasi do
5: input_batch, target_batch← prepare_batch(batch)
6: out← model(input_batch)
7: loss← Calculate the nll loss of out and target_batch
8: Backward propagation of the loss
9: Update parameters of the optimizer

10: end for
11: end for
12: θpre-trained ← parameters of the model

Algorithm 2 Fine-tuning with Lmser Transformer
Require: Fine-tuning data: actual PROTACs Dactual, pre-trained model: θpre-trained, learning rate:

lr
Ensure: Fine-tuned model parameters: θfine-tuned

1: Initialize Lmser Transformer model with θpre-trained: model← Lmser_Transformer(θpre-trained)
2: Initialize optimizer: optimizer ← Adam(θfine-tuned, lr)
3: for epoch← 1 to num_epochs do
4: for batch ∈ Dactual do
5: input_batch, target_batch← prepare_batch(batch)
6: out← model(input_batch)
7: loss← Calculate the nll loss of out and target_batch
8: Backward propagation of the loss
9: Update parameters of the optimizer

10: end for
11: end for
12: θfine-tuned ← parameters of the model
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Algorithm 1 is designed to initialize a Lmser Transformer model by training it on a
dataset of quasi-PROTAC molecules. The objective is to equip the model with meaning-
ful representations of molecular structures. The training loop consists of iterating over
a predefined number of epochs, with each epoch comprising batches of quasi-PROTAC
molecules. For each batch, the "input_batch" refers to the SMILES sequence of war-
head and e3 ligand with attachment points. And the "target_batch" refers to the SMILES
sequence of the linker with attachment points on both sides. Then the model predicts
molecular structures. The negative log-likelihood (nll) loss is then calculated to quantify
the disparity between the model’s predictions and the actual targets. Through backpropa-
gation, the model’s parameters are adjusted to minimize this loss. This iterative optimiza-
tion process is facilitated by the Adam optimizer. Algorithm 2 is designed for training
on actual PROTAC molecules. This process involves refining a pre-trained Lmser Trans-
former model using a dataset of actual PROTAC molecules (Dactual). The pre-trained
model (θpre-trained), previously obtained through Algorithm 1, serves as the starting point
for fine-tuning.

It is worth noting that we took a completely new approach to generate PROTACs. We
generated linkers sequences with attachment points from the sequences of warheads and
E3 ligands pairs. These generated linkers were then connected to warheads and E3 ligands
using the attachment points to obtain complete PROTACs sequences. This differed from
the conventional method of directly generating complete PROTACs sequences from the
pairs of warheads and E3 ligands sequences. The input format for warheads and E3 lig-
ands pairs was structured as "*N1CCN(c2ccc(Nc3ncc4cc(C(=O)N(C)C)n(C5CCCC5)c4
n3)nc2)CC1.*Nc1cccc2c1C(=O)N(C1CCC(=O)NC1=O)C2=O", where "*" denoted the
attachment point and "." represented the boundary between the warhead and the E3 lig-
and. The input sequence is initially tokenized into individual tokens from the vocabulary,
resulting in a sequence of tokens. Subsequently, the token sequence is mapped to numeri-
cal vectors based on the positions of different tokens in the vocabulary. Vectors were then
input into the model for encoding by the encoder. The model received information from
the encoder for processing and outputted a probability distribution over different tokens
in the vocabulary through the decoder. Afterward, a sequence was generated by sampling
based on this probability distribution. The output format for linkers was represented as "[
1*]CCOCCOCC[2*]", where "[1*]" denoted the attachment point between the linker and
the warhead, and "[2*]" denoted the attachment point between the linker and the E3 lig-
and. By adopting this generation approach, the model was still capable of generating valid
linkers and assembling them into functional PROTACs, even in cases where the structures
of warheads and E3 ligands were complex.

We trained the Lmser Transformer model on prepared PROTACs datasets with the
objective of minimizing the following loss function:

J(Θ) = −
∑

(S,m)∈D

t∑
τ=1

∑
a∈V

ya lnP (a | Cτ (S,m)) (8)

where Θ denotes the parameters of the Lmser Transformer network, D is the training
dataset, V is the vocabulary, S is the input sequence, m = (a1, a2, . . . , at) is the target
sequence, Cτ = {S, (a1, a2, . . . , aτ )}, τ = 1, . . . , t, represents a sequence of contexts,
P (a | Cτ ) is the probability of the next token aτ+1, and ya is a binary label indicating
whether a is the next token.
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3.3. Optimizing policy network with reinforcement learning

A policy-based reinforcement learning method is employed to optimize the policy net-
work. The policy-based approach constitutes a significant methodology within reinforce-
ment learning [35], [36]. Policy-based approaches enable the explicit learning of an opti-
mal stochastic policy [37]. Figure. 2 provides a comprehensive depiction of the procedural
steps involved in training the agent through the utilization of reinforcement learning. This
method shares the same concept as that of [21].

Fig. 2. The illustration of constructing the policy-based reinforcement learning model.
Continuous actions are taken by the policy network until a complete PROTAC sequence
is generated. Subsequently, the fundamental reward is calculated based on Formula 6
and Formula 7. The ProLinker network computes the prior likelihood for the generated
PROTAC sequence. The augmented likelihood is obtained by combining the fundamental
reward with the prior likelihood. The disparity between the augmented likelihood and the
agent likelihood is then used as the final reward to update the agent

The reinforcement learning training process usually entails equipping an agent with
the task of choosing an action, denoted as a ∈ A(s), based on a specific state, s ∈ S,
where S encompasses all possible states [38]. Here, A(s) stands for the set of actions
available in those states. The agent’s policy, denoted as π(a | s), indicates the probability
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of selecting action a in state s, and r(a | s) represents the resulting outcome or reward
following a specific action. In this work, the reinforcement learning modeling is outlined
as follows.

Reinforcement learning modeling.

• Agent: The policy network responsible for generating PROTAC sequences.
• State s ∈ S: The intermediate molecule in the process of PROTAC generation.
• Action a ∈ A(s): Selection of the next token in the vocabulary based on the interme-

diate molecule.
• Reward G(A): Accumulated reward obtained by calculating molecular properties

after generating a complete molecule.

We intend to utilize the Lmser Transformer architecture as the agent to proficiently
generate PROTACs represented in the form of SMILES strings, while ensuring the incor-
poration of desired attributes. This task is framed within the context of a partially observ-
able Markov decision process, where the agent’s objective is to determine the subsequent
token a in the vocabulary, based on the given intermediate sequence s. An episodic task
refers to a task with a well-defined endpoint after undergoing step T [39]. This task starts
sampling from the "&" symbol and concludes upon sampling "$" making it an episodic
task. In this task, the action, denoted as a, represents the selection of a token from the vo-
cabulary V to be added to the generated sequence. The state s refers to the currently gen-
erated intermediate sequence. The policy π(a | s) signifies the probability distribution for
choosing the next token in the intermediate sequence. r(a | s) represents the reward value
obtained after selecting the next token. In the molecular generation task, as the properties
of a molecule are only meaningful once the entire molecule is generated, we calculate the
cumulative reward G(A) after generating the complete molecule A = a1, a2, ..., aT . The
product of action probabilities P (A) =

∏T
t=1 π (at | st) signifies the likelihood of the

generated sequence by the model.
The agent is characterized by a structural configuration akin to that of the ProLinker

network, and it is initialized using ProLinker network parameters that have undergone
meticulous fine-tuning. The agent policy π is securely tethered to the pre-existing Pro-
Linker policy, skillfully amalgamating the rewards acquired from the attribute values of
the sampled PROTACs. This leads to a novel augmented likelihood logP (A)Aug. For-
mally,

logP (A)Aug = logP (A)Prior + σReward(A) (9)

where P (A)Prior represents the prior likelihood calculated by the ProLinker model after
step T, σ is a scalar coefficient, and Reward(A) represents the property value of the gen-
erated molecule and is calculated using equation 7. The objective of the agent is to acquire
a policy that effectively mitigates the disparity between the agent likelihood logP (A)Agent
and the augmented likelihood logP (A)Aug. This disparity will be represented as the re-
ward G(A). Formally,

G(A) = − [logP (A)Agent − logP (A)Aug]
2 (10)

The current objective of the agent is to optimize the reward value G(A), which is attained
by minimizing the loss function J(θ) = −G. The detailed specifics of the policy-based
optimization algorithm can be found in Algorithm 3.
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Algorithm 3 is devised for optimizing the policy network through reinforcement learn-
ing. It utilizes the fine-tuned model (θfine-tuned) to initialize both the prior network (Prior)
and the policy network (Agent). The parameters of the fine-tuned model are retained as
frozen prior model parameters (θprior). The optimization process involves sampling a batch
of molecules using the agent, computing likelihoods for both the agent and prior networks,
calculating scores, and then updating the parameters based on the loss function. The aim
is to obtain updated agent model parameters (θagent) over a specified number of epochs.

Algorithm 3 Optimizing policy network with reinforcement learning
Require: Fine-tuned model: θfine-tuned, batch size: batch_size, learning rate: lr
Ensure: Updated agent model parameters: θagent, Frozen prior model parameters: θprior

1: Initialize prior network (Prior) with θfine-tuned: Prior ← Lmser_Transformer(θfine-tuned)
2: Initialize policy network (Agent) with θfine-tuned: Agent← Lmser_Transformer(θfine-tuned)
3: Initialize optimizer: optimizer ← Adam(θfine-tuned, lr)
4: for epoch← 1 to num_epochs do
5: Initialize the set of molecules Ds

6: for i← 1 to batch_size do
7: a0 ← the start symbol
8: for t← 1 to T do
9: Select action at ← argmax

a
πagent(at−1|st−1)

10: end for
11: Ai ← a0a1 . . . aT

12: Add Ai to Ds

13: end for
14: agent_likelihood← Compute the likelihood of Ds on Agent
15: prior_likelihood← Compute the likelihood of Ds on Prior
16: score← calculate scores of Ds

17: augmented_likelihood← prior_likelihood+ σscore
18: loss← (augmented_likelihood− agent_likelihood)2

19: Backward propagation of the loss
20: Update parameters of the optimizer
21: end for
22: θagent ← parameters of the Agent

4. Experimental settings

This section encompasses pertinent details of the experimental setup. Subsection 4.1 il-
lustrates the data preparation process for the subsequent experiments. Subsection 4.2 pro-
vides a detailed overview of the comparative methods employed. Subsection 4.3 presents
the hyperparameter settings for pre-training and fine-tuning. Subsection 4.4 outlines the
hyperparameters for the reinforcement learning method used in training the policy net-
work.
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4.1. Data preparation

4.1.1 Data for training ProLinker
The datasets used for training and validating ProLinker were curated by Zheng et al. [26]
The pre-training dataset consisted of a collection of quasi-PROTAC small molecules care-
fully selected from the ZINC dataset. These molecules were chosen based on their simi-
larity in chemical space to PROTACs. The fine-tuning data, on the other hand, comprised
actual PROTACs obtained from the PROTAC-DB database.

These datasets consist of input data (src) and target data (tgt). The input data com-
prises pairs of warheads and E3 ligands, while the target data consists of complete PRO-
TACs. To facilitate the proposed novel task, we have retained the original input data while
modifying the target data from complete PROTACs molecules to individual linkers. Fi-
nally, a total of 204,840 quasi-PROTAC small molecules and 6,556 actual PROTACs were
acquired. Following the methodology of previous investigations, these datasets were par-
titioned into training and validation sets in a ratio of 8:1.

4.1.2 Data for generating PROTACs based on existing warheads and E3 ligands
To validate the effectiveness and superiority of the ProLinker and reinforcement learn-
ing method combination, we first employed them to generate PROTACs on the existing
dataset. The preprocessing of the dataset is depicted in Figure. 3. Due to the fact that the
ProLinker model has already been trained on the training and validation sets, only the test
set (consisting of a total of 165 pairs of Warhead and E3 Ligand molecules) was selected
for linker generation. By using the structure search tool provided by the PROTAC-DB
database [40], the corresponding information for the PROTACs in the database (a total of
162 molecules) can be retrieved. The PROTAC-DB database provides information such as
the ID, name, target name, and E3 Ligase name for the molecules. Additionally, detailed
information for both the Warhead and E3 Ligand molecules can be viewed, and links
to external databases such as the ChEMBL database [41] are provided. In the ChEMBL
database, information about the three-character representation of the ligand molecule in
the PDBeChem database [42], [43], [44] can be obtained. Using the Uniprot [45] ID for
the target protein and the three-character representation of the ligand molecule, the recep-
tor protein-ligand small molecule complex structure can be retrieved from the RCSB PDB
database [46]. A total of 54 pairs of warheads and E3 ligands have been obtained, all of
which have well-defined complex structures with the target proteins. Detailed information
about these 54 pairs of warheads and E3 ligands is obtained in Supplementary Table S1.

In the subsequent step, using the ProDy [47] package in Python, the protein pocket
structure within 5 Å of the ligand molecule was obtained based on the name of the com-
plex structure and the three-character representation of the ligand molecule. Subsequently,
the protein pocket structure was converted from PDB format to MOL2 format using the
Open Babel (obabel) tool [48]. Finally, the warheads, E3 ligands, and corresponding pock-
ets were input into the model for PROTACs generation.

4.1.3 Data for de novo design of PROTACs targeting specific proteins
Subsequently, the ProDy package [47] was utilized to select individual chains from com-
plex structures and separate the protein and ligand. The protein structure was saved in
PDB format, while the ligand structure was saved in SDF format. A total of 28 unique
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Fig. 3. The comprehensive workflow for data processing.

protein-ligand pairs were obtained. These two types of structures were then input into the
AlphaDrug model for the generation of ligands with higher binding affinity. The gener-
ated molecules with the highest binding affinity will be selected as the ligands for the
corresponding target proteins and E3 ligases for linker generation. The generated linkers
will then be further processed and combined to obtain the final PROTACs.

4.2. Comparative methods

We compared our method with other methods, including Beam Search, Temperature Sam-
pling, the AlphaDrug model and the PROTAC-RL model.

• Beam Search is an algorithm commonly employed in tasks involving the generation
of sequences, like language translation or text generation. It operates by concurrently
exploring several potential solutions, maintaining a restricted set of the most promis-
ing options (referred to as the "beam"), with the goal of identifying the most probable
sequence based on a scoring mechanism.

• Temperature Sampling is a method commonly employed in probabilistic models, par-
ticularly in generative models like language models. It entails manipulating the tem-
perature parameter during the sampling process, which in turn influences the diversity
of generated outputs: higher values amplify randomness, while lower values induce a
greater degree of predictability in the generated results.

• The AlphaDrug model is a deep learning model designed for creating custom ligands
that are specific to target proteins, considering the binding affinity between proteins
and ligands during molecule generation. It consists of a transformer variant known
as the Lmser Transformer and the MCTS algorithm. The Lmser Transformer is used
to address the inefficiency caused by information transfer bottlenecks in the encoder-
decoder architecture. And MCTS is a sophisticated algorithmic strategy frequently
applied for making decisions in intricate domains with multiple choices. MCTS sys-
tematically constructs a decision tree, intelligently exploring and exploiting possi-
bilities, resulting in improved decision-making especially in situations marked by
ambiguity and extensive options [30].
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• PROTAC-RL is built upon the SyntaLinker [27] language model, enabling the gener-
ation of complete PROTACs sequences from existing warheads and E3 ligands se-
quences. The model consists of a pre-trained SyntaLinker model for learning the
representation of PROTAC molecules and the reinforcement learning approach to
optimize the PK property of generated PROTACs.

For specific descriptions of these methods, refer to Section 2.1 and Sections 2.3 to 2.5.

4.3. Hyperparameters in pre-training and fine-tuning

As the pre-training and fine-tuning employed the same model architecture, it was essen-
tial to maintain consistency in hyperparameters, as outlined in Table 1. Here, "fragsVoc"
represents the vocabulary for input warheads and E3 ligands, while "LinkerVoc" repre-
sents the vocabulary for output linkers. "fragsMaxLen" and "LinkerMaxLen" correspond-
ingly indicate the maximum lengths of input and output sequences. "fragsPaddingIdx"
and "LinkerPaddingIdx" signify the indices of the start characters in input and output
sequences. "frags_voc_len" and "Linker_voc_len" denote the vocabulary sizes. The fol-
lowing are common parameters used for training the Transformer model.

4.4. Hyperparameters in optimizing policy network

The hyperparameters for the policy-based optimization approach are detailed in Table 2.
Here, "batch_size" indicates the number of samples used for training the policy network
in each iteration. "epoch" and "lr" respectively denote the training epochs and learning
rate for the policy network. "σ" represents the constant in Equation 9. "σ" is set to 2000
to balance the difference in magnitude between the prior likelihood computed by the
ProLinker model and the reward scores.

5. Results and analysis

In the initial phase, we commenced with the pre-training of the ProLinker model on
the quasi-PROTAC dataset, which was subsequently fine-tuned on the actual PROTACs
dataset. Afterwards, utilizing the ProLinker model in conjunction with the reinforcement
learning method, we generated 54 sets of PROTACs derived from corresponding pairs
of warheads and E3 ligands (a detailed description of the data can be found in Section
4.1). Each set contains PROTACs with different PK values, DEG values, and reward val-
ues. We visualized the distribution of the scores of the generated PROTACs (Section 5.1),
compared them with the original PROTACs (Section 5.2), and compared them with PRO-
TACs generated by Beam Search, Temperature Sampling, AlphaDrug and PROTAC-RL
(Section 5.3). Lastly, we embarked on de novo designs of PROTACs targeting the 33
specific proteins (after removing duplicates). And we selected the top 5 reward scores
of PROTACs generated by AlphaDrug and TRL-PROTAC for comparison (Section 5.4).
Moreover, we employed visualizations to enhance the analysis and evaluation of the de-
signed PROTACs.
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Table 1. Important hyperparameters of training ProLinker

hyperparameters pre-training/fine-tuning

fragsVoc "#", "$", "&", "(", ")", "*", "-", ".", "/", "1", "2", "3", "4", "5",
"6", "7", "=", "B", "Br", "C", "Cl", "F", "I", "N", "O", "P",
"S", "[B-]", "[C+]", "[C-]", "[C@@H]", "[C@@]", "[C@H]",
"[C@]", "[C]", "[N+]", "[N-]", "[N@+]", "[N@@+]", "[O-]",
"[O]", "[P+]", "[P@@]", "[P@]", "[S+]", "[S@@]", "[S@]",
"[Si]", "[Sn]", "[c-]", "[n+]", "[nH]", "[s+]", "\\", ""̂, "c", "n",
"o", "p", "s"

LinkerVoc "#", "$", "&", "(", ")", "-", ".", "/", "1", "2", "3", "4", "5", "6",
"7", ":", "=", "B", "Br", "C", "Cl", "F", "I", "N", "O", "P",
"S", "[1*]", "[2*]", "[B-]", "[B@-]", "[BH-]", "[C+]", "[C-
]", "[C@@H]", "[C@@]", "[C@H]", "[C@]", "[C]", "[IH2]",
"[N+]", "[N-]", "[N@@+]", "[NH3+]", "[O-]", "[O]", "[P+]",
"[P@@]", "[P@]", "[S+]", "[S@@]", "[S@]", "[Si]", "[Sn]",
"[c-]", "[n+]", "[nH]", "[s+]", "\\", ""̂, "c", "n", "o", "s"

fragsMaxLen 202
LinkerMaxLen 91

fragsPaddingIdx 54
LinkerPaddingIdx 59

frags_voc_len 60
Linker_voc_len 64

batch_size 32
epoch 500

lr 0.0001
d_model 96

dim_feedforward 256
num_layers 4

nhead 4

Table 2. Important hyperparameters of training policy network

hyperparameters optimizing policy network

batch_size 32
epoch 1000

lr 0.005
σ 2000
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5.1. Horizontal comparison of all generated PROTACs

The ProLinker model is initially pre-trained on a quasi-PROTAC dataset containing a
large number of small molecules to learn the chemical language of molecules represented
by SMILES sequences. Subsequently, the ProLinker model undergoes fine-tuning on an
actual PROTAC dataset to learn the specific chemical language of PROTACs. The detailed
data of pre-training and fine-tuning processes is obtained in Supplementary Tables S2 and
S3. The fine-tuned ProLinker is further optimized using a policy-based reinforcement
learning approach to generate PROTACs with specific properties. We conducted 54 sets
of experiments using existing warheads and E3 ligands to validate the effectiveness and
superiority of the ProLinker model combined with the reinforcement learning method.

To provide a more intuitive representation of the distribution of scores for all gener-
ated PROTACs across multiple dimensions, we utilized the CMplot package [49] in R
to generate the Manhattan plot for multiple scores. The Manhattan plot was originally
designed to visualize the summary statistics results of genome-wide association studies
(GWAS), especially p-values [50]. It can display the different p-values of multiple tracks
at different positions of the genome. Here, we used three different scores as three different
tracks and drew a circular scatter plot with PROTAC IDs as genomic positions. This plot
enables us to visualize the distribution of the generated PROTAC scores from multiple
dimensions, and also allows for the horizontal comparison between different PROTAC
IDs.

As shown in Figure. 4, the outermost circle of the figure represents different IDs of
PROTACs in PROTAC-DB, while the three trajectories from top to bottom represent the
scores of PK, DEG, and reward score, respectively. This figure intuitively shows the score
distribution of the model during the molecule generation process in three dimensions. It
can be observed that most of the samples show long bar-shaped distributions for the three
scores, indicating that the scoring of the model is not single-valued, but distributed from
low to high. This further confirms that the reinforcement learning method does guide the
generation of molecules with desired properties. Many molecules in the figure have PK
values reaching around 15.75, and a considerable portion of molecules have DEG values
above 0.5. The figure also allows for visual comparison between different molecules,
showing that different molecules can be optimized to varying degrees. For example, the
molecule with ID 939 has a reward value that is only presented as two dots. Because its
DEG value is relatively low, and the space for optimizing this molecule is relatively small.
On the other hand, the molecule with ID 1399 has a wide range of PK value changes, and
can even reach a minimum of around 15, while its DEG value also changes significantly,
ranging from 0 to 1. This indicates that the space for optimizing this molecule is quite
large. Detailed information about these scores of these generated PROTACs is obtained
in Supplementary Table S4.

5.2. Comparison with original PROTACs

In order to elucidate the substantial enhancement of our model-generated PROTACs over
the original PROTACs, the original PROTACs were utilized to compute the DEG values,
PK values, and reward values. As there exists only one initial PROTAC for each pair of
warhead and E3 ligand, the top 3 PROTACs generated by our model ranked by reward
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Fig. 4. The three scores, namely reward score, DEG score, and PK score, are visually
represented on three distinct tracks in the Manhattan plot

values were averaged and contrasted with the original PROTACs. To present the compar-
ison more effectively, a dumbbell plot using the ggplot2 package [51] in R was illustrated
as depicted in Figure. 5. In the figure, blue indicates the original PROTACs, while green
represents the PROTACs generated by our model. It is visually evident from the figure that
the DEG values of most PROTACs generated by our model are significantly higher than
those of the original PROTACs. At the same time, a considerable proportion of PROTACs
generated by our model have lower PK values than the original PROTACs. Based on the fi-
nal reward values, almost all PROTACs generated by our model have higher reward values
than the original PROTACs. Our model relies on the reward value to generate PROTACs,
and overall, it has successfully optimized the reward value for generating PROTACs. The
DEG and PK values of these PROTACs generated by our model are relatively optimal.
Therefore, the PROTACs generated by our model provide a comprehensive improvement
over the original PROTACs. Detailed information about these scores of original PROTACs
is obtained in Supplementary Table S5.
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Fig. 5. Comparison between original PROTACs and PROTACs generated by TRL-
PROTAC. The blue dots in the figure indicate the original PROTACs, and the green dots
indicate the PROTACs generated by our model. The vertical axis indicates the different
PROTAC IDs, and the horizontal axis demonstrates the three scores of the PROTACs

5.3. Comparison with other methods

To further demonstrate the superiority of our model (TRL-PROTAC), we used the clas-
sic Beam Search algorithm (beam_size=20, n_best=5), Temperature Sampling, the Al-
phaDrug model and the PROTAC-RL model to generate PROTACs. Here, the top 5 best
PROTACs were obtained and compared with the top 5 PROTACs with the best reward
scores generated by our model, as shown in Figure. 6. The figure shows that a consider-
able number of the PROTACs generated by TRL-PROTAC (red) have better PK values
compared to those generated by the Beam Search algorithm (blue), temperature sam-
pling (deep blue), the AlphaDrug model (orange) and the PROTAC-RL model(green).
Moreover, TRL-PROTAC has a significant advantage in terms of DEG scores and reward
scores for almost all PROTACs. Therefore, it can be concluded that the combination of the
ProLinker model and reinforcement learning method is quite successful, as it can com-
prehensively consider PK and DEG scores to optimize the generated PROTACs. Detailed
information about these scores of PROTACs is obtained in Supplementary Tables S6, S7
and S8.

To further perform statistical analysis, the scores of different PROTAC IDs for the
same model were aggregated and subjected to significance tests (Wilcoxon test), as shown
in Figure 7. The results of the significance tests are indicated by statistical significance
markers in the figure. A single asterisk "*" denotes a p-value less than 0.05, two aster-



1314 Yuhao Dai et al.

Fig. 6. Comparison between PROTACs generated by Beam Search, Temperature Sam-
pling, AlphaDrug, PROTAC-RL and TRL-PROTAC. The horizontal axis of the figure
represents the different PROTAC IDs and the vertical axis represents the three scores of
PROTACs. The different coloured boxes indicate the PROTACs generated by different
models, where the red boxes are the scores of the PROTACs generated by our model

isks "**" indicate a p-value less than 0.01, three asterisks "***" signify a p-value less
than 0.001, four asterisks "****" indicate a p-value less than 0.0001, and "ns" repre-
sents a p-value greater than 0.05. From the figure, it can be observed that DEG scores
of TRL-PROTAC, in the significance tests against other models, are marked with four
asterisks, indicating an extremely significant difference between the DEG scores of our
model and those of other models. Furthermore, considering the data distribution in the
boxplot, TRL-PROTAC achieves higher DEG scores compared to the other models, in-
dicating a significant superiority of TRL-PROTAC in terms of DEG scores. Regarding
PK scores, the significance tests reveal that TRL-PROTAC exhibits a significant differ-
ence when compared to Beam Search and AlphaDrug, but no significant difference is
observed in comparison to PROTAC-RL and Temperature Sampling. Looking at the data
distribution in the boxplot, PK scores of TRL-PROTAC are slightly lower than those of
Beam Search and AlphaDrug (lower PK scores are better), while they are similar to the
distributions of PROTAC-RL and Temperature Sampling. This could be attributed to the
PROTAC-RL model’s emphasis on optimizing PK scores, while the Temperature Sam-
pling method enhances sample diversity, making it easier to obtain molecules with better
PK scores. However, TRL-PROTAC stands out because it can optimize both PK and DEG
scores. Therefore, the final reward score is significantly better than that of other models.
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Fig. 7. Comparison between Beam Search, Temperature Sampling, AlphaDrug, PROTAC-
RL and TRL-PROTAC after aggregating the scores of different PROTAC IDs. Different
coloured boxes indicate PROTACs generated by different models, and the asterisks above
the boxes are significance notations for significance tests between the corresponding mod-
els

5.4. Comprehensive analysis of the de novo design of PROTACs

As illustrated in Figure. 8a, through the utilization of AlphaDrug, we employed a targeted
approach to design warheads and E3 ligands tailored specifically to the protein and E3
ligase, respectively. The resulting ligands demonstrated significantly enhanced binding
affinities to their respective proteins. In fact, the majority of the generated ligands exhib-
ited higher binding affinities than their original counterparts, with an impressive average
increase of 2.15. Continuing from there, we proceeded to design PROTACs based on the
generated ligands. As illustrated in Figure. 8b-c, the resulting PROTACs exhibited notably
elevated DEG scores, with the majority exceeding the 0.5 mark. Furthermore, compared
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to the MCTS algorithm, our model has demonstrated superiority across all three scores.
This outcome underscores the efficacy of our model in optimizing the degradability of the
generated PROTACs—an achievement that has proven elusive for other models. However,
it is worth noting that these PROTACs displayed relatively high PK scores in both of these
methods. This can be attributed to the fact that the ligands devised by AlphaDrug, while
exhibiting enhanced binding affinities for the proteins, often showcased intricate struc-
tures such as heterocyclic motifs. Consequently, the inherent PK scores of the warheads
and E3 ligands were inherently higher, thereby yielding a correspondingly elevated PK
score for the generated PROTACs. Detailed information about the binding affinity scores
of protein-ligand pairs is obtained in Supplementary Table S9. The scores of de novo de-
signed PROTACs using the TRL-PROTAC model can be found in Supplementary Table
S10, while the scores of de novo designed PROTACs using the AlphaDrug model are
available in Supplementary Table S11.

Fig. 8. Results of de novo designs of PROTACs. (a) Comparison between the binding
affinity of the generated ligands and the original ligands. (b-d) The distribution of three
scores (reward score, DEG score, and PK score) for PROTACs generated by AlphaDrug
and TRL-PROTAC

6. Potential applications

In this section, we will discuss the potential applications of the TRL-PROTAC model.
Firstly, when designing PROTACs starting from known warheads and E3 ligands, the
TRL-PROTAC model demonstrates superior performance compared to other methods
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(Beam Search, Temperature Sampling, the AlphaDrug model and the PROTAC-RL model),
yielding more favorable PK and DEG properties. Therefore, the TRL-PROTAC model
holds significant promise in discovering PROTACs drugs with enhanced attributes. Sec-
ondly, in comparison to the original PROTACs, PROTACs generated by the TRL-PROTAC
model also exhibit superior characteristics, highlighting the model’s potential in optimiz-
ing and replacing existing PROTACs medications. Finally, when designing PROTACs
targeting specific proteins (considering binding affinity), the TRL-PROTAC model out-
performs the MCTS method, showcasing its superiority in molecular de novo design.

7. Conclusion

Previous studies on generating PROTACs really did a good job, but they only consid-
ered a single property, such as PK, and then used a classification model to calculate the
degradation and filter the generated PROTACs. This approach is both time-consuming and
unable to generate valid PROTACs for complex inputs. We have innovatively proposed a
de novo design strategy for PROTACs. Our model not only coordinates the PK property
and the DEG property of PROTACs during the generation process but also avoids the is-
sue of greedy algorithms not considering long-term benefits. Experimental results show
that nearly all of the PROTACs designed using our model have better degradation and
most of the molecules have better PK property than the original PROTACs, indicating
the feasibility of our model. Compared to Beam Search, Temperature Sampling, the Al-
phaDrug model and the PROTAC-RL model, our model generates PROTACs with better
properties, demonstrating the superiority of TRL-PROTAC in PROTAC generation. Fur-
thermore, the TRL-PROTAC method enables the design of PROTACs targeting specific
proteins, offering the advantage of further considering the binding affinity between PRO-
TACs and the target proteins. To sum up, our strategy takes into account the integration
of binding affinity, degradation, and pharmacokinetic properties for PROTACs.

Compared to traditional small molecules, the complexity of PROTACs design lies in
their ternary structure. Naturally, two approaches can be considered for generating PRO-
TACs. One is to directly generate a complete PROTAC molecule and then divide it into
warhead, E3 ligand, and linker parts. Subsequently, the interaction between the warhead
and E3 ligand with the respective target proteins is checked. However, the challenge with
this approach is how to divide the PROTAC molecule and validate its ability to interact
with the target protein after division. The other approach involves designing warheads
and E3 ligands separately for the target proteins and then using a deep learning model to
generate the linker that connects these two parts and optimizes the entire PROTAC. The
difficulty here lies in how to connect these two components effectively. TRL-PROTAC
follows the latter approach and provides a novel solution to these challenges, making it a
remarkable exploration of PROTAC generation from scratch.

While our approach allows for PROTAC design against target proteins, it still has lim-
itations. It can only be applied to design PROTACs for protein targets with existing ligand
interactions and cannot be used for protein targets with no prior ligand interactions. Addi-
tionally, the warheads and E3 ligands generated by the AlphaDrug model, while exhibit-
ing a high binding affinity to proteins, contain numerous heterocyclic structures, resulting
in elevated PK properties. Further investigations will focus on exploring methodologies to
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reduce the structural complexity of the ligands while preserving their heightened binding
affinities to target proteins.
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Abstract Previous studies have shown that the attorney’s speeches can exert 

significant impacts on the cognition and judgment of the jury in court arguments. 

However, the psychological effects induced by these speeches are intricately tied 

to subconscious brain states, making them challenging to accurately and 

comprehensively describe through subjective self-reports. This study aims to 

explore a neural reaction observation method for psychological effect analysis of 

the attorney’s speeches in courtroom scenarios. We utilized a corpus of courtroom 

arguments from legal movies and television series as source material. Participants’ 

psychological responses to these speeches were monitored using wearable 

electroencephalography (EEG) devices. Building upon this data, we employed a 

deep learning model based on Convolutional Neural Networks (CNN) and Long 

Short-Term Memory (LSTM) networks to compute attention intensity, cognitive 

load, and emotional changes. Our test results demonstrate that this approach 

enables continuous and dynamic computation within courtroom argument contexts, 

providing a more accurate assessment of attorneys’ language skills. 

Keywords: Courtroom argument, attorney’ Speech, psychological effect, EEG, 

CNN-LSTM. 

1. Introduction 

Courtroom argument is the vital part of the trial process, its language skills have 

important impacts on the cognition and adjudication of the trialed case [1-4], and have 

attracted the common interest and attention as an interdisciplinary research domain of 

law, linguistics, and psychology [5, 6]. Crucially, the attorneys need to utilize various 

logic and emotional expression skills according to the designed defense strategies, to 

guide the cognitions of the trial personnel and persuade them to make the judgmental 
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decisions in favor of their clients [7-10]. Besides, the criterion as to whether justice is 

fulfilled had to consider the usual judgements of ordinary people, especially in most 

western countries which have a jury system. The jury represents the consensus of the 

society or a local social community, not the thinking of legal professionals. Therefore, 

the courtroom arguments should be presented and accepted in the light of the cognition 

and judgment of the public. Conley et al. analyzed the impact of changes in the 

presentational style of courtroom language on the decision makers [7]. Hahn and 

Clayton evaluated the effect of attorneys’ narrative style and gender on decisions of the 

jury [8]. They all concluded that the excellent language skills of the attorneys play an 

important role subtly in striving for acquittals for their clients.  

As for the language skills in courtroom arguments, the language act theory and 

pragmatic studies regard it as an issue of linguistic psychological effects, which are 

caused by the following features embedded in the argument speeches: legal compliance, 

logical validity, and psychological effects [9-11]. Hu expounded the legal compliance 

from five perspectives of jurisprudential norms, discourse power norms, procedural 

norms, evidentiary norms, and debating norms [9]. Shalmanova and Shumov made a 

further study on the precision problem of court language [10]. Based on the corpus 

analysis of approximately 1000 sentences extracted from the case records of the US 

Supreme Court, Liu investigated the lawyers’ arguments from the perspective of 

linguistic communication dynamics, and revealed the language logic and the 

characteristics of the emotional expression [11]. Yu analyzed the factors affecting the 

acceptance of courtroom arguments from the viewpoint of legal thinking and logical 

methodology, and emphasized the roles of situational cognition and persuasive utility 

under the above specific contexts [12]. This utility can be understood as the resulting 

valence of psychological effects for the trial personnel or the public. 

The psychological effects caused by languages usually include cognitive and 

emotional aspects dominated by human brain mechanism [13-16], which have mutual 

influence and involve a series of descriptive indicators. However, this study mainly 

focuses on the three indicators of attention intensity, cognitive load, and emotional 

change, which are of great significance to the analysis of language skills under the 

scenarios of courtroom arguments. Attention intensity usually reflects how much 

attention is paid to the speeches presented by the arguer, cognitive load represents how 

easy it is for the listener to understand what is being said by the arguer, and emotional 

change indicates how emotionally affected the listener is by the arguer’s speeches [17, 

18]. Nowadays, a lot of computational methods have been presented for psychological 

effect analysis of human speeches [20-22]. Nevertheless, the induced psychological 

effects by speeches are closely pertinent to the brain’s subconscious perception, which 

are difficult to be described and expressed in subjective narration at the state of 

consciousness [25, 26]. In recent years, the development of experimental observation 

techniques in neuroscience such as electroencephalography (EEG) has made it possible 

to observe the brain neural activity in the subconscious or even unconscious states, 

thereby EEG data has been applied to emotion recognition and affective computation 

for achieving more accurate results [25-28]. Different from the above existing 

researches, this study aims to explore the method for continuous and dynamic 

psychological computation of attention intensity, cognitive load, and emotional changes 

induced by the attorney’s speeches based on EEG signal data. The above psychological 

effects and neural mechanism are also the great concerned issue in the feild of Neurolaw 

[29]. 
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2. Data Acquisition and Preprocessing 

In the experiment, a total of 22 qualified subjects (10 males and 12 females) aged 

between 18 and 55 were selected as members of a mock jury or public representatives. 

Among them, 12 were undergraduate and graduate students while the remaining 10 

were teachers and employees of government agencies and companies. Further, three had 

a background in legal profession, 8 in humanities and social sciences, 6 in engineering 

and technology, and 5 in mathematics, physics, and medical science. Prior to the 

experiment, each subject was fully informed on the experimental purpose, process, and 

potential impacts on human body in accordance with the ethical norms, and signed an 

informed consent form. 

In order to avoid the influence of the subjects’ preconceptions about the case and 

characters, the courtroom argument scenarios extracted from the famous movie “And 

Justice for All” and the television series “American Crime Story: The People v. O.J. 

Simpson” were used as the test materials in the study, as shown in Fig. 1. 

 

Fig. 1. The courtroom argument scenarios extracted from the movie “And Justice for All” (left), 

and the television series “American Crime Story: The People v. O.J. Simpson” (right) 

The experiment used a specifically designed computer control system for EEG 

testing, which can collect the data from EEG device according to the following 

experimental procedure and paradigm. 

Stage 1: Preparation for testing. Put on the electrode cap for the subject and debug 

the EEG device; prepare the subjects in the resting and calm state while the control 

computer sends the instruction to begin the test.  

Stage 2: Resting-state data acquisition. Start the EEG to record the resting-state brain 

electrical signals in the first 30s, and then to transmit the data to the control computer in 

which a special software reads and stores them in the database.  

Stage 3: Synchronous data acquisition. The control computer issues the EEG testing 

instructions, which is then conditioned by the synchronous measurement and control 

unit. The output signals are sent out and the variation of the EEG signal is recorded and 

transmitted to the control computer for storage. In the meanwhile, the psychological 

effects of the attorneys’ speeches are evaluated by the subjects with a group of rotary 

mechanical levers. Based on the position changes, the levers can convert the 

psychological effects into the score values between intervals of attention intensity [0,5], 

cognitive load [0,5], and emotional change [-5,5], and the results are stored in the 

database.  

Stage 4: Test completion. The control computer sends out instructions to complete 

the test and to restore the device to its initial state. 
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The study adopted the international standard of 10-20 double-lead 8-channel EEG 

signal acquisition, in which the electrode distribution of the 8 channels was as follows: 

C1: Fp1-T3, C2: Fp2-T4, C3: T3-O1, C4: T4-O2, C5: Fp1-C3, C6: Fp2-C4, C7: C3-O1, 

C8: C4-O2. During the playback of the test materials, we collected 18 paragraphs of 

EEG signals with total 26 minutes 20 seconds containing only the attorneys’ speeches 

through computer synchronous control. For example, the structure of EEG raw data for 

one scenario of the attorneys’ speeches shows as in Table 1. 

Table 1. The structure of EEG raw data for one scenario of the attorneys’ speeches 

 

 

 

 

 

 

 

 

The EGG signals are collected once per 8ms and therefore composing a time series. In 

the data processing, the study first filters out the EEG data before and after 2s of the 

changing process of each lever, because those data may be affected by manual operations 

and could not accurately reflect the psychological changes of the subjects. In addition, a 

cubic spline interpolation method is used to interpolate the score values of psychological 

effects to form the time series synchronously with EEG data for machine learning. 

The EEG signals can be processed by means of wavelet decomposition and 

reconstruction to yield typical brain wave frequencies such as δ (0.5-3Hz), θ (4-7Hz), α 

(8-13Hz), β (14-30Hz), and γ (>30Hz). Among them, the θ and α waves are mostly 

linked to the brain’s subconscious and unconscious states. In order to get more accurate 

computation results by machine learning, the study divides the signals into the following 

nine subdivided bands: δ (0.5-3Hz), θ (4-7Hz), low α (8-10Hz), high α (11-13Hz), low β 

(14-15Hz), midrange β (16-20Hz), high β (21-30Hz), low γ (31-40Hz), and midrange γ 

(41-50Hz) , and pre-processes the EEG signals by filtering and wavelet transform to 

obtain the values of each subdivided band for the subsequent machine learning. 

3. Machine Learning Method 

3.1. CNN-LSTM Model 

The CNN-LSTM model combines with the advantages of LSTM (Long Short-Term 

Memory) model and CNN (Convolutional Neural Networks) model, which has been 

successfully applied to the emotion recognition from EEG signals in recent years [30]. 

Therefore, we design the CNN-LSTM model architecture and employ it for the 
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correlation assessment between EGG signals and indicators of attention intensity, 

cognitive load, and emotional changes. We mainly focus on the use of LSTM since it has 

several advantages on dealing with the problem in the study. Firstly, LSTM has a chain-

like structure which makes it suitable for time series analysis. Secondly, as a non-linear 

model, LSTM can be used as a complex non-linear unit for constructing larger deep 

neural networks. Thirdly, LSTM can remember information for extended periods of time, 

helping it to handle long-term dependencies. 

In the proposed CNN-LSTM model architecture, CNN is used for further feature 

extraction, and LSTM is applied to exploit temporal relationships in the data. These two 

sections are linked together in order to perform higher accuracy. Specifically, 1D 

Convolutional Neural Network is adopted as a feature extractor and data encoder, 

providing more features for the LSTM to train and calculate. Compared with traditional 

fully-connected neural networks, 1D-CNNs can better handle local relationships in 

sequential data, and therefore perform better in tasks such as speech recognition, natural 

language processing, and time series prediction. It can automatically extract important 

features from the data, thus reducing the workload of manual feature extraction, while 

providing better generalization performance.  

A model based on LSTM is designed to control the accumulation rate of information 

by introducing gating mechanisms as shown in Fig. 2, including selectively adding new 

information and selectively forgetting previously accumulated information, thereby 

improving the long-range dependency problem of recurrent neural networks (RNNs) 

and alleviating the gradient disappearance problem during the training of long 

sequences. 

 

Fig. 2. LSTM built block 
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The first step of the LSTM is to decide what information to discard or keep. This 

decision is made by a “forget gate” which selectively forgets by sigmoid function. 

                                      (1) 

The second step which consists two parts are taken to update the cells status. The 

“input gate” uses sigmoid to determine which values to update and tanh to generate new 

candidates. The sigmoid output is then multiplied by the tanh output candidates, i.e., the 

sigmoid output determines which of the tanh output values are important to keep. 

                        (2) 

   
      (               )  (3) 

Finally, the output values are calculated by output cell state. The output is first 

obtained through the sigmoid layer, and then the new memory cell state obtained in the 

previous stage is deflated using tanh and then multiplied pair by pair with the output 

obtained from sigmoid to determine the information which the hidden state should carry. 

The new hidden state is used as the current output, thereby, the new information is passed 

to the next time step. 

                 
   (4) 

The model consists two CNN layers, a one-layer LSTM network and a full connected 

layer as shown in Fig. 3. A dam optimizer together with a learning rate of 0.001 which 

would be divided by 2 in every 15 epochs is applied. The architecture is programmed in 

Pytorch. All the figures are trained in a batch size of 2. 

 

Fig.3. Model architecture 
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3.2. Training and Evaluation 

The model for three different output features, namely attention intensity, cognitive load, 

and emotional change, are trained respectively. The model architecture and 

hyperparameters for these features are the same. Because the induced psychological 

effects by speeches are closely related to the perception at the brain’s subconscious 

states, which can’t be described accurately and comprehensively through a subjective 

self-report way. However, the psychological effects under brain’s subconscious states 

and conscious states have relationships in different band waves of EEG signals for the 

same subject [24], and existing studies indicated that PSD (Power Spectral Density) 

parameters of the EEG signals have good performance in emotion recognition [24, 27, 

28]. Therefore, we use the following adjusted formula to calculate the full psychological 

effects, and take which as the target values for machine learning. 

                                                      (5) 

where, Pe(i) stands for the explicit part of psychological effects that can be evaluated by 

the subjects under conscious states in Step 3 of the experimental procedure, while PSDm 

and PSDe are the power spectral densities of band 0.5-7 Hz (δ and θ waves) and band 8-

50 Hz (α, β, low γ, and midrange γ waves) respectively for the same subject. Using the 

adjusted target values for machine learning can better consider the subconscious 

psychological effects [24]. 

The study first numbers the data sequentially, and then randomly divides these data 

into three parts, namely learning data set, validation data set and test data set, with a 

proportion of 8: 1: 1, and RobustScaler is used for the normalization of the input data so 

as to reduce the impact of outliers. The training process of the model architecture is as 

follows. First, EEG Signals are permuted to the size of (2, 7, 6) and sent into a 2-layer 

CONV1D network to extract features from the raw signals. The first CONV1D layer has 

16 1x1 kernels and the stride of convolution kernels is 1. The second one has 32 kernels, 

with the same size and stride. Each CONV1D layer is followed with a ReLU unit which 

can introduce non-linearity to the proposed model. The output features, after passing 

through the CONV1D layers, are then fed into the LSTM layers, which have the 

capability to circumvent the long-term dependency problem inherent in standard RNNs. 

Upon passing through the LSTM layers, the output features are subsequently directed 

into a FC layer. Ultimately, a softmax output layer is appended to the proposed model to 

facilitate final recognition. 

The learning performances are evaluated by a MAPE (Mean Absolute Percentage 

Error) curve. Equation (6) shows the calculation of MAPE, where, n is the total number 

of predict values, At is the actual value at time t and Ct is the calculated value.  

        
 

 
  

     

  
       

                                  (6) 

The CNN-LSTM model performances of attention intensity, cognitive load, and 

emotional change are shown in Fig. 4, Fig. 5, and Fig. 6 respectively. 
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Fig.4. MAPE curve of attention intensity 

 

Fig. 5. MAPE curve of cognitive load 

 

Fig. 6. MAPE curve of emotional change 
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The final trained MAPEs of CNN-LSTM model, CNN model, and LSTM model are 

shown contrastively in Table 2. 

Table 2. Final trained MAPEs of different models 

 

As seen from Table 2, the CNN-LSTM model can achieve more higher accuracy than 

a single CNN model or LSTM model, which provides an appropriate and valid approach 

for the continuous and dynamic computation of psychological effects from EEG data. 

4. Psychological Effect Analysis 

The US courts deal with cases mostly in adversarial proceedings, for which the main 

idea is that the court relies on the evidence presented by the litigation parties to develop 

the judgement. The main speech roles in the courtroom include the judge, the 

prosecutor, the attorneys, the witnesses, and the defendant. In criminal cases, the 

prosecutor and the attorneys participate in the proceedings as agents for the state and the 

defendant, respectively. In the common law jury trial, the jurors act as the fact finders 

and decide whether the defendant is guilty or not. If found guilty, further sentencing is 

to be made by the judge who is required to assume the role of presiding over the entire 

case. 

In order to illustrate how the attorneys’ linguistic skills would affect the psychology 

of the jury, this study takes the famous Simpson case as example. Two audio clips are 

extracted from the attorneys’ speeches in the television series of “American Crime 

Story: The people v. O.J. Simpson”, and are used as the source material for analysis. 

The psychological effects of attention intensity, cognitive load, and emotion changes are 

computed by the trained CNN-LSTM model. In order to facilitate comparison, the 

average values of all subjects are uniformly converted into the range between interval [-

1,1], as shown in Fig. 7 and Fig. 8. 

Segment 1: The interrogation conversation between the defense attorney F. Lee 

Bailey and the prosecuting witness Detective Mark Fuhrman regarding whether he had 

utilized the term “nigger.” 

The attorney’s speeches: I will ask a different question. In describing people, 

Detective Fuhrman, do you use the word "Nigger"? Detective Fuhrman, have you ever 

used the word "nigger" when addressing someone? // Have you ever used the word 

"Nigger" in the past ten years? // You mean if you called someone a nigger, you have 

forgotten it? // Let me put it simply. Are you saying, under oath, that you have not 

addressed any black person as a nigger or spoken about black people as niggers in the 

past ten years, Detective Fuhrman? // So, then anyone who comes to this court and 

quotes you as using that word in dealing with African-Americans would be a liar. 

Would they not, Detective Fuhrman? // All of them, correct? // Thank you, no further 

questions. 

Model Name 
MAPE 

Attention intensity Cognitive load Emotional changes 

CNN-LSTM 7.802% 3.188% 14.544% 

CNN 22.672% 9.387% 41.053% 

LSTM 9.411% 4.123% 20.134% 



1330         Xuan Zhou et al 

Psychological effects: As shown in Fig. 7. 

 

Fig. 7. Psychological effects of the attorney's speeches in Segment 1 

Language skills: The attorney threw out four consecutive rhetorical questions to 

induce the witness to make an affirmative and clear statement that he never used the 

word "nigger”. The purpose of these questions was not to create confusion, but to set the 

stage for subsequent testimony that Fuhrman frequently used insulting words such as 

"nigger," thereby arousing the jury’s or the public's distrust on him and rendering his 

testimony ineffective. As shown in Fig. 7, the attention density of the mock jury (or the 

public members) was at a high level, the cognitive load was moderate, and the emotion 

change varied in the negative region, indicating that the attorney's questions triggered a 

high degree of attention and formed negative perceptions with relative ease. In short, his 

linguistic skills produced highly desirable results. 

Segment 2: The defense attorney Barry Scheck questioned the criminal examination 

expert Dennis Fung on the key evidence of blood and hair. 

The Attorney’s Speeches: Mr. Fung, you received from Detective Lange, the blood 

sample taken from Mr. Simpson, correct? // And where did you take possession of that 

blood sample? // Well, maybe I can help. The blood was handed to you at the 

Rockingham scene while you were examining that scene, correct? // So, Mr. Simpson's 

blood was literally handed to you by LAPD at the very location where you found 

evidence of his blood on the carpet in the driveway, in his socks? // This might explain a 

huge unanswered question in this case. Are you aware, sir, that 1.9 milliliters or one 

quarter of the blood collected from Mr. Simpson is missing?! // Mr. Fung, when did you 

realize that the blanket covering Nicole Brown's body was actually from inside her own 

residence? // Would you agree, sir, that a blanket taken from inside her residence placed 

by law enforcement over her dead body could be thought of as a contamination of that 

scene? // And that if Mr. Simpson had been in that home previously, sitting or lying on 

that blanket, his hairs could be on that blanket? Would be on that blanket? And thus, 

would have been in the crime scene? // That is a terrible mistake for a criminalist to 

make. Isn't it? // Mr. Fung, have you made some bad choices in this case? // No further 

questions. 

Psychological effects: As shown in Fig. 8. 
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Fig. 8. Psychological effects of the attorney's speeches in Segment 2 

Language skills: The attorney used a barrage of questions that caused the witness to 

gradually begin to doubt the legitimacy of the evidence. Stammering and ambiguous in 

his answers, the expert witness not only was interrupted several times by the attorney, 

but also agreed that "that is a terrible mistake for a criminalist to make.” Using quick 

and frequent questioning, the attorney effectively consolidated his dominant voice and 

controlled the direction of the whole conversation, making the jury (or the public) 

naturally doubt the credibility of the procurators’ key evidences. According to Figure 8, 

the attention density of the mock jury (or the public members) was always at a high 

level, indicating that the attorney's questions had triggered a high level of attention. The 

cognitive load level was also high, suggesting that the questions had prompted a deep 

thinking. The overall rapid reduction of emotion changes into the negative region 

reflected that the jurors (or the public) had developed strong doubts and dissatisfaction. 

In short, the attorney's language skills were again highly successful in producing the 

desired effects. 

5. Summary and Discussion 

The study of courtroom arguments is becoming a hot topic in the multidisciplinary 

fields. It is of important significance for the in-depth analysis of the jurors’ (or the 

publics’) cognitions and affecting factors, and also for improving the language skills of 

the litigation parties and maintaining the impartiality in legal adjudication for the 

society. 

Especially, the attorney’s speeches in court arguments can produce subtle cognitive 

and emotional effects on the jurors, and significantly affect their judgment. Those 

psychological effects are closely related to the subconscious perception of human 

brains, and difficult to be reflected in a subjective self-report way. This study explored 

the psychological computation method based on EEG signal data for coping with the 

problem. A valid deep learning approach with CNN-LSTM model architecture was 

presented for evaluating the full psychological effects induced by attorney’s speeches, 

in terms of attention density, cognitive load, and emotion changes.   
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In real trials, the courtroom arguments are conducted in the form of dialogues 

between two or more parties with complex contexts and involving multi-faceted 

expertise. Therefore, further exploration is needed in the accurate extraction of EEG 

signals and on the cognitive discrepancies between the jury or the public members with 

different genders and professional backgrounds. In addition, the neural mechanisms 

underlying these psychological effects have yet to be systematically investigated in 

conjunction with various neuro-experimental equipment such as functional magnetic 

resonance imaging (fMRI) and event-related potentials (ERPs). Besides, the main 

purpose of this study is to explore the valid approach to compute the above 

psychological effects, and the complicated factors causing those effects are not 

thoroughly considered. 
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Abstract. Integrated modular avionics systems primarily achieve system fault tol-
erance by reconfiguring the system configuration blueprints. In the design of man-
ual reconfiguration, the quality of reconfiguration blueprints is influenced by vari-
ous unstable factors, leading to a certain degree of uncertainty. The effectiveness
of reconfiguration blueprints depends on various factors, including load balanc-
ing, the impact of reconfiguration, and the time required for the process. Solving
high-quality reconfiguration configuration blueprints can be regarded as a type of
multi-objective optimization problem. Traditional algorithms have limitations in
solving multi-objective optimization problems. Multi-Agent Reinforcement Learn-
ing (MARL) is an important branch in the field of machine learning. It enables the
accomplishment of more complex tasks in dynamic real-world scenarios through
interaction and decision-making. Combining Multi-Agent Reinforcement Learning
algorithms with reconfiguration techniques and utilizing MARL methods to gen-
erate blueprints can optimize the quality of blueprints in multiple ways. In this
paper, an Improved Value-Decomposition Networks (VDN) based on the average
sequential cumulative reward is proposed. By refining the characteristics of the in-
tegrated modular avionics system, mathematical models are developed for both the
system and the reconfiguration blueprint. The Improved VDN algorithm demon-
strates superior convergence characteristics and optimization effects compared with
traditional reinforcement learning algorithms such as Q-learning, Deep Q-learning
Network (DQN), and VDN. This superiority has been confirmed through experi-
ments involving single and continuous faults.

Keywords: Integrated modular avionics system, Multi-Agent Reinforcement Learn-
ing, reconfiguration blueprint, multi-objective optimization problem.
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1. Introduction

The modular avionics system offers several advantages, including system integration, a
layered structure, network unification, scheduling flexibility, and centralized maintenance.
It finds widespread applications in aerospace fields, including fighter aircraft, civil air-
craft, and satellites [1,2,3]. With the continuous expansion of the functionality of inte-
grated electronic systems, the probability of system failures has also increased dramat-
ically, posing significant challenges to the safety and reliability of the systems. Conse-
quently, fault-tolerant mechanisms for integrated electronic systems [4,5,6] are critical
tasks.

Reconfiguration is a crucial mechanism for fault tolerance in integrated electronic
systems. Reconfiguration in integrated electronic systems refers to the process of real-
locating system resources and loading system software to ensure complete system func-
tionality when faults occur in system partitions or software resources [7]. The reconfig-
uration of integrated electronic systems is primarily achieved through the generation of
reconfiguration blueprints [8,9]. There are two main approaches to generating reconfigu-
ration blueprints: manual design and traditional algorithms [10,11]. Manual design is in-
fluenced by practical experience and individual differences, while traditional algorithms
emphasize feasibility but have limitations in solving multi-objective optimization prob-
lems [12,13,14]. Multi-agent reinforcement learning is a crucial branch of machine learn-
ing that can handle more complex tasks in dynamic real-world scenarios [15,16,17]. Gen-
erating reconfiguration blueprints using a multi-agent reinforcement learning approach al-
lows for optimizing blueprints from various perspectives. Therefore, this paper proposes
an intelligent method for generating reconfiguration blueprints for integrated electronic
systems based on multi-agent reinforcement learning.

The main contributions of this paper include:

1) The establishment of mathematical models for integrated electronic systems and
reconfiguration blueprints. This involves creating models for system resources, system
partition, and system software based on the characteristics of integrated electronic sys-
tem reconfiguration. Additionally, models for system faults, reconfiguration configuration
blueprints, and system migration are developed considering the characteristics of recon-
figuration blueprints.

2) The proposal of an Improved VDN algorithm based on average sequential cumu-
lative rewards. Grounded in the VDN algorithm in multi-agent reinforcement learning,
this algorithm is designed in conjunction with a comprehensive electronic system. It in-
cludes reconfiguration states, actions of agent, overall and local reward functions, and
algorithmic strategies. The introduction of an adaptive exploration strategy based on the
average sequence cumulative reward enhances the efficiency and accuracy of algorithmic
reconfiguration. This builds upon the original exploration strategy of the VDN algorithm.
Finally, an analysis and verification of the results of the Improved VDN algorithm are con-
ducted, comparing it with reconfiguration algorithms implemented based on Q-learning
[18], DQN [19], and VDN [20], confirming the superiority of the proposed Improved
VDN algorithm.
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2. Related Works

Reconfiguration techniques play a crucial role in maintaining the security, reliability, sur-
vivability, maintainability, and scalability of integrated modular avionics systems, holding
substantial practical significance and economic value. Extensive research has been con-
ducted on reconfiguration techniques by professionals both domestically and internation-
ally. Housseyni et al. [15] proposed a distributed reconfiguration method based on a multi-
agent model. The method considers the functional module as the smallest unit of recon-
figuration, representing each device as an agent. Each agent undergoes reconfiguration at
three levels, with the first level responsible for adding and removing functional modules,
the second level for integrating functional modules, and the third level for updating func-
tional modules with data. The method ensures the security of distributed reconfiguration
through agent communication in eXtensible Markup Language (XML) format. Zhou et al.
[21] introduced a functional architecture framework for the Distributed Integrated Modu-
lar Avionics (DIMA) platform, utilizing the Architecture Analysis and Design Language
(AADL) action model to construct the functional action characteristics of DIMA’s dy-
namic reconfiguration. This framework provides a design basis for implementing DIMA’s
dynamic refactoring. Saadi A et al. [22] proposed a methodology for validating software
refactoring using the Communicating Sequential Processes (CSP) language, refactoring
techniques, and the FDR model, aiming to guide the process of software refactoring.
Ensuring the consistency of dynamic software refactoring involves conducting a compre-
hensive analysis before making any modifications to the software. The ability to safely
execute software refactoring at runtime is crucial for the feasibility of integrated modu-
lar avionics system refactoring. Chen et al. [23] proposed an AADL model based on the
reconfiguration process of an integrated modular avionics system. Using the accessibility
analysis method of Petri nets, the danger of IMA reconfiguration function is analyzed.
This method overcomes the weaknesses of the traditional static analysis method, making
it more capable of analyzing hazardous behavior during runtime. It provides a solution to
the state explosion problem that arises during reachability analysis.

Literature [24,25] has confirmed the effectiveness of reinforcement learning in op-
timizing planning. Zhang et al. [26] applied sequential game multi-agent reinforcement
learning to the field of integrated modular electronic system reconfiguration. They utilized
a policy gradient Monte Carlo search tree algorithm incorporating bias estimation to expe-
dite the convergence of the conventional algorithm. However, the method does not address
the adaptation of the exploration factor during the competition and cooperation phases of
the agent. Liu et al. [27] proposed a reliability analysis method based on the AADL model,
using Petri nets to analyze the reliability of the reconfiguration method. This method as-
sists in designing reconfiguration models at the early stage of integrated modular avionics
system development, ultimately improving the reliability of the entire integrated modu-
lar avionics system. Hollow et al. [28] proposed a reconfiguration scheme for integrated
modular avionics systems based on a simulated annealing algorithm. The scheme finds
an equivalent reconfiguration scheme with a search function for the integrated modu-
lar avionics system by calculating the fitness. While it has theoretical significance, the
method exhibits certain defects, such as the inability to meet timeliness. Cui et al. [10]
proposed a reconfiguration technique for integrated modular avionics systems based on
distributed techniques. This technique enables the system to adapt to the reconfiguration
task, quickly detect and locate faults, and establish a blueprint for reconfiguration. Suo et
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al. [12] introduced an integrated modular avionics system reconfiguration safety detection
technique based on STPA. The method focuses on coordinating human-computer inter-
actions and detecting system failures based on the severity of the failure, human factors,
and time constraints. The analysis results can be utilized for system development, system
operation, and project revision, ensuring the safety of reconfigurable integrated modular
avionics systems.

3. Research Methodology

3.1. Integrated Modular Avionics System Modeling

The integrated modular avionics system consists of hardware resource modules, operat-
ing system modules, and software modules. A single module satisfies functional indepen-
dence, while multiple modules provide isolation. Additionally, the overall system ensures
security and reliability [29,30,31]. The simplified schematic of the integrated modular
avionics system is shown in Figure 1.
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Fig. 1. Schematic diagram of the simplified model of the integrated modular avionics
system

System resource model. In this paper, the system hardware resources are abstracted into
a system hardware module. This module should include attributes such as CPU resource
list, partition resource list, software resource list, and operation status to realize the func-
tion of easy maintenance and management of partition collection. The hardware resources
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are represented using a quaternion model as shown in Equation (1).

Resource = ⟨CPUlist, Patitionlist, Applicationlist, state⟩
CPUlist = {CPU1, CPU2, ..., CPUS}

Partitionlist = {Partition, Partition2, ..., PartitionM}
Applicationlist = {App1, App2, ..., AppN}

state = {0, 1}

(1)

Where Resource denotes the system resources. CPU list denotes the set of central
processor resources. Partitionlist denotes the set of partitions configured on the proces-
sor. Applicationlist denotes the set of software resources configured on partitions. state
denotes the health state of the system resources. 0 is the system resource policy. 1 is the
system resource failure. S denotes the total number of system processors. M denotes the
total number of system partitions. N denotes the total number of system software appli-
cations.

System partition model. The modeling of system partitions is carried out in terms of
both temporal and spatial isolation. Combining the principles of temporal scheduling and
spatial mapping of partitions, the model for constructing partitions for temporal and spa-
tial attributes is shown in Equation (2) below.

Partitioni = ⟨timestart, timeduration,
memoffset,memsizePartitioni

, Applicationlist, state⟩
(2)

Where timestart denotes the start execution time of the partition. timeduration de-
notes the duration of execution of the partition. memoffset denotes the offset address of
the partition’s virtual memory. memsizePartitioni

denotes the size of the virtual memory
of partition i. Applicationlist denotes the set of applications deployed in the partition.
state indicates the health status of the system partition, with 0 being a healthy partition
and 1 being a faulty partition.

System software model. The system software model is constructed in terms of both
software spatial resources and software temporal resources. The hexadecimal model of
software resource modeling is depicted in Equation (3).

Appij = ⟨pid, rank, runcycle,WCET, timedeadline,mem, state⟩ (3)

Where Appij denotes the application software model, where the partition number
is i and the software number is j. pid denotes the process ID of the application software.
rank denotes the task priority of the application software. runcycle denotes the execution
cycle of the application software. WCET denotes the worst-case execution time of the
process. time deadline denotes the application software deadline. mem indicates the
space resources required by the application software. state indicates the health status of
the system software, with 0 being software health and 1 being software failure.
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3.2. Reconfiguration Blueprint Model

System Failure Model. There are two main types of faults in the integrated modular
avionics system: processor faults and processor partition faults [32,33]. When any one of
these faults occurs, or when multiple faults occur in succession, the integrated modular
avionics system enters a fault state [34]. This paper presents a model called the System
Fault Abstraction Model (SFAM) for abstracting system faults. To uniquely identify faults
and their occurrence locations, two attributes, namely system fault type and system fault
location, are required to create a two-tuple model for the system fault model (4).

Fault = ⟨type, location⟩ (4)

Where Fault denotes the system failure model, type denotes the system failure type,
and location denotes the system fault location.

It is necessary to establish the following constraints to distinguish between the two
types of faults and their respective locations in the integrated modular avionics system.

Faultij =

 type =⊆ {Fi, Fij}, (1 ≤ i ≤ S, 1 ≤ j ≤ M)
locationi = Ci, type = Fi

locationij = CiPj , type = Fij

(5)

Fi indicates that a processor failure has occurred in the system, and the faulty pro-
cessor is numbered i. Fij indicates that a processor partition failure has occurred in the
system. The faulty partition is located in the jth partition of the CPU number i. Ci in-
dicates the location of a system processor failure with faulty processor number i. CiPj

indicates the location of a system processor partition failure.

Reconfiguring the configuration blueprint model. The reconfig blue print (RBP) model
consists of the following set of five Equations (6) and (7).

RBP = ⟨CPU list, Partitionlist, Applicationlist, Faultlist,Map⟩
Faultlist = Fault1, Fault2, . . . , FaultK

(6)

Map =
{
applicationi

CPUs−→ Partitionj

}
(i ∈ [1, |Applicationlist|] , j ∈ [1, |Partitionlsit|])

(7)

The reconfiguration blueprint model above illustrates the mapping relationship be-
tween processors, partitions, and software in the reconfiguration blueprint. For example:
Map =

{
App1

C1−→ Partition1

}
denotes that the application software numbered 1 is

deployed on the partition numbered 1. The partition numbered 1 is deployed on the pro-
cessor numbered 1. Faultlist is a list of faults, and the number of faults is K.

Refactoring Migration Blueprint Model. Reconfigure Migrate Blueprint (RMB) con-
sists of a reconfigured initial state, a set of reconfigured intermediate states, a reconfig-
ured end state, and their corresponding transfer relationships. The Reconfigure Migration
Blueprint model definition consists of five tuples, as shown in Equation (8) below.

RMB = ⟨Sinit, Send, Faultlist, Slist,Move⟩
Slist = {S1, S2, ..., Sn}

Move =
{
Ssrc

Fault−→ Sdes

} (8)
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Where RMB denotes the refactoring migration blueprint model. Sinit denotes the
refactoring initial state. Send denotes the refactoring end state. Slist denotes the set of
refactoring intermediate states. Move denotes the refactoring transfer relation. Ssrc de-
notes the source state in the refactoring transfer relation. Sdes denotes the destination state
of the refactoring transfer relation.

Blueprint Quality. To improve the quality of the filtered feasible reconfiguration blueprints,
this paper introduces optimization objectives to assess their quality.
A.Load balancing

Rationalizing the allocation of resources across multiple partitions in an integrated
modular avionics system will improve the quality of reconfiguration blueprints. In this
paper, we use the term ”load” to refer to the evenly distributed allocation of partition
resources. Load is calculated as the weighted sum of CPU utilization and memory utiliza-
tion for each partition. The calculation formula for establishing load balancing is provided
in Equation (9) below.

LB = 1− 2 ∗
√

1
M

∑M
i=1

(
LoadPi − Load

)2
Loadpj = µ1 ∗ C

Pj
use + µ2 ∗M

Pj
use

C
Pj
use =

∑|Applicationlist|
j=1

WCETappij

Partitiondurtime

M
Pj
use =

∑|Applicationlist|
j=1

mem
Partitioni
appij

memsizePartitioni

µ1 + µ2 = 1

(9)

where LB denotes load balancing and LoadPj
denotes denotes the load on the parti-

tion numbered i. Load denotes the average resource load on all partitions. µ1 denotes the
weight of CPU utilization, and denotes the weight of memory utilization. CPj

use denotes
the partition pj of CPU utilization, the M

Pj
use denotes the weight of the partition’s pj of

the partition. The memory utilization of the partition.
B.Reconfiguration fault tolerance

Refactoring Fault Tolerance (RFT) is used to measure the impact of refactoring blueprints
on the system. The success rate of migrating the software set to the remaining available
partitions is determined by the weighted proportion of the software that is successfully mi-
grated. This paper emphasizes the importance and criticality of integrated modular avion-
ics system software. The integrated modular avionics system software is categorized into
five levels. Level 5 is the highest level of importance, while Level 1 is the lowest level
of importance. According to the definition of migration success rate, the indicator for
migration success rate is established as shown in Equation (10) below:

RFT =

∑nM

i=1 GMi∑NM

i=1 GMi

(10)

C.Reconfiguration time rate
During the reconfiguration migration process, each software that requires reconfigura-

tion migrates in parallel, following the sequence outlined in the reconfiguration blueprint.
The individual processor refactoring time is defined as the total time required to reload
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all the software in the respective partition of the processor. The lower the percentage of
time spent on refactoring, the higher the fault tolerance of the refactoring blueprint, and
the lesser impact it has on system functionality. The reconfiguration time rate metric is
established as shown in Equation (11) below.{

RTR = 1−Max(TCPUs )
Tmax

TCPUs
=
∑n

i=1 TAppi

(11)

RTR denotes the reconfiguration time. TCPUs
denotes the reconfiguration recovery

time for processor numbered s. Tmax denotes the maximum reconfiguration time. Nre

denotes the processor ck number of software in the processor that needs to be reconfig-
ured. The TMi denotes the application software Mi reconfiguration migration time of the
application software.
D.Load optimization function

To allocate more resources for future reconfiguration actions and enhance the success
rate and efficiency of reconfiguration, a load optimization function is proposed. It is shown
in Equation (12) below.

Minf1 =
∑M

i=1

∑N
j=1 µ1Cuse (Pi, Appij) + µ2Muse (Pi, Appij) µ1 + µ2 = 1

∀Memuse (Pi, Appij) ≤ Memmax

∀Cuse (Pi, Appij) ≤ CPUmax

(12)

f1 denotes the load optimization function. Cuse(Pi, Appij) denotes the software to
be migrated Appij to be migrated to the partition Pi after being migrated to a partition.
µ2Muse(Pi, Appij) denotes the CPU utilization of the software to be migrated Appij to
be migrated to the partition Pi memory utilization after being migrated to a partition.
Memuse(Pi, Appij) represents the memory utilization of the software to be migrated,
Appij , after it has been migrated to partition Pi. Memmax indicates the maximum mem-
ory available to the processor. And Cuse(Pj ,Di) Indicates the maximum memory avail-
able on the processor for the software to be migrated Appij to be migrated to the partition
Pi CPU resource consumption after being migrated to the partition.CPUmax indicates
the maximum CPU resources available to the processor.
E.Multi-objective optimization function

The multi-objective optimization function is established as shown in Equation (13)
below.

Maxf2 = λ1LB + λ2RFT + λ3RTR{
0 < λi < 1, i ∈ [1, 3]
λ1 + λ2 + λ3 = 1

(13)

Where f2 denotes the multi-objective optimization function, λ1 denotes the load bal-
ancing weights, and λ2 denotes the reconfiguration fault tolerance weights, and λ3 denotes
the reconfiguration time share weights.

3.3. Reconfiguration method based on Improved VDN algorithm
Overview. In this paper, the algorithm for generating intelligent reconfiguration blueprints
incorporates the design concepts of the VDN multi-agent reinforcement learning algo-
rithm. It refines the characteristics of the reconfiguration task of a comprehensive elec-
tronic system and incorporates them into the design of agent, state design, action space
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design, and payoff function design. Specifically, the software that requires reconfiguration
is referred to as an agent. The decision sequences are organized based on the software’s
level of importance, which ranges from high to low. The partition state is represented by
the weighted sum of time and space resources consumed by all partitions. The partitioned
states, along with the observations made by the agent about their states, are utilized as the
states in the reinforcement learning process. The assignment of each agent to an avail-
able partition or scheduling failure is abstracted as the action space. For the exploration
and exploitation strategy, this paper adopts a strategy based on the cumulative reward of
the average sequence. The cumulative rewards in the environment information are uti-
lized to allow the algorithm to adaptively adjust the exploration factor during the training
phase. For the reward function, two separate functions are designed for the agent compe-
tition phase and the agent cooperation phase. It is used to achieve the goal of balancing
the optimization of agent systems and overall efficiency. When the algorithm reaches the
termination round, the reconfiguration configuration blueprint is obtained.

Environmental design. Each software that requires reconfiguration is defined as a stan-
dalone agent. Each agent can independently sense the state of the environment, take ac-
tions, and receive feedback from the environment. All the agents compete and cooperate
within the integrated modular avionics system environment. In this paper, a state matrix
is used to describe the reconfiguration state of the integrated modular avionics system.

In conjunction with the integrated modular avionics system, the CPU information,
partition information, and application software information are enumerated first. Let’s
consider an integrated modular avionics system that consists of three CPUs and six par-
titions. Each partition has 50 ms of available time slice resources and 50 KB of available
memory resources. During the process of refactoring, the sequence of software refactor-
ing significantly impacts the quality of the refactoring and the migration plan. This paper
decomposes the fault granularity at the software level when defining the refactoring state.
In other words, CPU2 faults are divided into software M3 faults and software M4 faults.
At this point, two agents, M3 and M4, are generated according to the algorithm’s design.
As shown in Figure 2, the state matrix of agent M3 has been established.

The specific meaning of the state matrix is illustrated in the Equations. (14) and (15)
below. The state matrix is divided into two rows. The first row represents the states of
all partitions of the integrated modular avionics system, which correspond to the current
observations of the agent in its environment. The weighting coefficients for the normal
partitions are 0.5 for both the operation cycle and the operation memory, and -0.5 for the
faulty partitions. The second row represents the state of the software that needs to be re-
configured. This pertains to the observation of agent within the framework of multi-agent
reinforcement learning [35,36,37]. The observations of the agent about the environment
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Fig. 2. M3 Reconfiguration State Chart

are combined with their observations of themselves to form comprehensive insights.

State(i,j) =



ParInfopj
(i = 0, 0 < j < m)

Appindex (i = 1, j = 0)
Appdur (i = 1, j = 1)
Appmem (i = 1, j = 2)
AppWD (i = 1, j = 3)

Appdeadline (i = 1, j = 4)
Apprank (i = 1, j = 5)

0 else

(14)

ParInfopj
=

{
0.5 ∗Duruse

pj
+ 0.5Memuse

pj
(0 < j < m,Pjtrouble− free)

−0.5 ∗Duruse
pj

− 0.5Memuse
pj

(0 < j < m,Pjtrouble)
(15)

Where State(i,j) denotes the state matrix. m denotes the number of partitions.
ParInfoPj denotes the information of partition j. Appindex denotes the software num-
ber. Appdur denotes the software runtime period. Appmem denotes the software runtime
memory. AppWD denotes the worst runtime of the software. Appdeadline denotes the
software cutoff time. Apprank denotes the software importance level. DurusePj denotes
the remaining time slice resources of partition j. and MemusePj denotes the remaining
memory resources of partition j.

In this paper, the reconfiguration of agent follows the software priority order, indi-
cating that software with high priority is reconfigured before software with low priority.
When the agent with high priority executes an action, it affects the environment and other
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prioritized observations. In this example, the agent M3 has a priority of 5, while the agent
M4 has a priority of 4. M3 executes the refactoring before M4. After executing the recon-
figuration action, the agent M3 migrates the application to partition 2. But partition 2 does
not have any available resources at the moment. When the agent M4 executes the action,
its state matrix changes, as depicted in Figure 3.
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Fig. 3. M4 reconfiguration state diagram

Agent Action Design. In this paper, an individual action of an agent is defined as the
process of scheduling the current software to be reconfigured for a specific available par-
tition. The set of all executable discrete scheduling actions constitutes the action space.
The specific definition is shown in Equation (16). When there are m available partitions,
the size of the current action space is m. It contains m successful scheduling actions. That
is, the software that needs to be reconfigured can be scheduled for any of the available
partitions.

Actioni = (Act0, Act1...Actm−2, Actm−1)

Actj =

{
1 j = k, k ∈ [0,m− 1]
0 else

ActionSpace ⊆ {Actioni} (i ∈ [0,m− 1])

(16)

m denotes the number of partitions. Actioni denotes the i-th action. Actj denotes the
j-th action component, and ActionSpace denotes the set of action spaces.

Exploratory strategies based on average sequential cumulative rewards. During the
process of algorithm training, the agent selects actions based on a strategy of exploration
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and exploitation. In the traditional VDN algorithm, the strategy is defined as shown in
Equation (17) below.

π (a|s) =
{
1− ε a = argmaxQ (s, a)

ε a = random (a)
(17)

The algorithm generates a random number specifically when it is executed. When the
random number is less than the exploration coefficient, the algorithm executes the explo-
ration policy. This policy randomly selects an action from the action space for execution.
When the random number is greater than 0, the algorithm executes the exploitation strat-
egy, which selects the optimal action based on the existing experience. The traditional
strategy is to gradually decrease the value over time. It does not consider the feedback
information from the agent during the training process, and it lacks informed action se-
lection.

The algorithm in this paper explores a utilization strategy using an adaptive approach
based on the cumulative reward of the average sequence [38]. The exploration factor
is dynamically adjusted based on the cumulative reward value of the agent during the
training process. In reinforcement learning, the sequence of actions taken by an agent
from the initial state to the goal state is crucial. The cumulative reward of the sequence is
defined by Equation (18).

Gt =

T∑
k=0

γkRt+k+1 (18)

Gt denotes the cumulative serial reward at moment t,γdenotes the reward decay coef-
ficient, and Rt+k+1 denotes the reward value of the k+1st action at moment t. Therefore,
the exploration factorεand the average sequence cumulative reward are defined as shown
in Equation (19) below.

ε = 1
1+log2(Ḡ+1)

Ḡ = 1
L

∑e−1
i=e−L Gi

(19)

L denotes the number of sequence entries, Ḡ denotes the average reward of the first
L sequences. With the exploration utilization strategy described above, the exploration
factor is dynamically adjusted based on the average cumulative reward obtained sequen-
tially. Aggregated environmental feedback information guides the agent in choosing their
actions.

Reward function design. During the reconfiguration of an integrated modular avionics
system, a new blueprint is generated after performing an application migration operation.
The reward function is used to evaluate the impact of the action on the refactoring pro-
cess. For a positive impact, the reward function provides positive feedback. Increasing
the reward value tends to motivate the agent to perform better actions in the next round
of training. The reward function provides negative feedback for unfavorable outcomes.
Decrease the reward value to discourage the agent from engaging in negative actions. The
algorithm in this paper is designed with two reward functions. These functions are used
to calculate the cost of actions and the overall reward of the agent.
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The cost-reward function of agent actions is primarily applied during the competi-
tive phase of multi-agent reinforcement learning. During this phase, the agents compete
with each other for time slices and memory resources in order to achieve higher local
payoffs. For an agent system, successful migration will result in the efficient utilization
of the allocated time slice and memory resources for each partition. And the consumed
resources are inversely proportional to the cost of that action. That is, the smaller the ratio
of consumed partition resources to available partition resources, the more favorable the
migration of other agents. Once the migration fails, it indicates that the action is unfa-
vorable and penalizes the agent. The final reward function of a single agent is shown in
Equation (20).

r(s, a)jt =

1−µ1∗CpuusejPatitioni
−µ2∗MemusejPatitioni

migration successful
−1 migration failed

µ1 + µ2 = 1

(20)

r(s, a)
j
t denotes the local reward return value for agent j at time t. CpuusejPatitioni

denotes the time slice occupancy of the partition after agent j migrates to partition i.
MemuseiPatitionj

denotes the memory occupancy of the partition after agent j migrates
to partition i. µ1 denotes the time slice weighting coefficients, and µ2 denotes the memory
weighting coefficients.

The overall reward function is primarily used in the cooperative phase of multi-agent
reinforcement learning. In this phase, the goal of cooperation among the agents is to
achieve a higher overall reward. At this time, some individuals may receive a reduced re-
ward in exchange for an overall increase in rewards. This prevents all agents from falling
into local optimal solutions by avoiding the use of greedy strategies. The algorithm’s
explorability and stability have been enhanced. According to the multi-objective opti-
mization constraint metrics in the resource constraints of the reconfiguration blueprint,
this paper evaluates the current agent actions based on load balancing, reconfiguration
fault tolerance, and reconfiguration time ratio. The overall reward function is shown in
Equation (21).

R(s, a)jt =

{
λ1 ∗ LB + λ2 ∗RTR+ λ3 ∗RID migration successful

−1 migration failed
(21)

R(s, a)
j
t denotes the overall reward return value for agent j at time t.

4. Results and Discussion

4.1. Experimental design

In this paper, we have reconfigured the blueprint for the algorithm that generates intelli-
gence, written in the Python language. The parameters of the agent need to be set when
training the agent. The parameter settings are shown in Table 1 below.

The network topology structure employs a traditional DQN MLP network, as illus-
trated in Figure 4 below.

Based on the system migration model of the integrated modular avionics system and
the experimental data, the reconfiguration configuration state migration graph shown in



1348 Jing Cheng et al.

Table 1. Parameter Settings

parameters parameter value

Training round 20000
Competitive learning rate 0.1
Cooperative learning rate 0.9
Sample size 16
Empirical sample size 2000
Target network update rate 0.01
Memory utilization weights µ1 0.5
Time-slice utilization weights µ2 0.5
Starting rounds of cooperation 16000
Average accumulated experience bars L 10
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Fig. 4. Schematic of MLP network topology

Figure 5 below has been constructed. Among them, S0 is a blue node representing the
initial configuration blueprint. There are eight faults, each of which generates a reconfig-
uration state. There are eight green nodes corresponding to S1 to S8. Send is a red node
representing the final state of the reconfiguration. Two scenarios cause a reconfiguration
state to enter the end state. The first reason is that there are no faults that require reconfig-
uration. The second reason is that the available system resources are insufficient to meet
the reconfiguration requirements.

Specifically, the initial state is S0. When the system injects a single fault with fault
number ”Fault1,” System Partition 1 fails. The system invokes the intelligent reconfigura-
tion algorithm to generate a new reconfiguration blueprint. The system restores the normal
state of S1 by migrating the application and utilizing the reconfiguration blueprint. When
the system injects a continuous fault with a fault number of Fault5, a continuous fault
occurs in system partitions 1 and 3. At this point, the system proceeds to invoke the in-
telligent reconfiguration algorithm to create a new reconfiguration blueprint based on S1.
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Subsequently, the system executes the reconfiguration process to restore the system to its
normal state, S5. Since the consecutive faults for Fault5 have been reconfigured, there are
no longer any faults in the system. Therefore, the state is transferred to the reconfiguration
end state Send. The remaining steps of the state transfer process are the same as described
above.

S0

S1

S2

S3

S4

S5

S6

S7

S8

Patition3

CPU4

Patition2

Patition13

Send

Fig. 5. System Reconfiguration Configuration State Migration Diagram

4.2. Experimental results and analysis

The configuration table is generated for the eight faults mentioned above in this experi-
ment. After the experiment, all the faulty applications were moved to the available par-
titions. The reconfiguration blueprint meets the requirements for time constraints, space
constraints, and uniqueness constraints. The validity of the experimental results is veri-
fied.

Parameters affect experimental results. For the parameter impacts of the algorithm,
this paper takes the reconfiguration impacts arising from an environment in which fault
1 occurs in an integrated modular avionics system as an example. The impact of the
single fault parameter experiment is analyzed. Fault 1 is a typical single fault. That is, 1
partition fails and 1 software needs to be reconfigured. For the aforementioned fault, the
experimental results are presented in Table 2 of the Single Fault Parameter Experiment
data.

This paper presents an example of the reconfiguration impact in an environment where
a Fault6 fault occurs in an integrated modular avionics system. It analyzes the impact of
experiments on continuous fault parameters. Fault6 is a typical continuous fault. Three
partitions have failed and six software need to be reconfigured. For the above fault, the
results of the experiment are shown in Table 3 of the Continuous Fault Parameter Table
experiment data below.
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Table 2. Single Fault Parameter Experiment Data Sheet

λ1 λ2 λ3 maximum values convergence value LB RFFT MSR

0.45 0.1 0.45 0.941853 0.931086 0.851807 0.940000 1.000000
0.4 0.2 0.4 0.939961 0.931882 0.859705 0.940000 1.000000
0.35 0.35 0.3 0.937844 0.929896 0.859705 0.940000 1.000000
0.25 0.45 0.3 0.942316 0.939148 0.858650 0.940000 1.000000
0.2 0.4 0.4 0.952482 0.946362 0.862412 0.940000 1.000000
0.1 0.45 0.45 0.961241 0.958732 0.887322 0.940000 1.000000

Table 3. Experimental Data Sheet for Continuous Fault Parameters

λ1 λ2 λ3 maximum values convergence value (math.) LB RFFT MSR

0.45 0.1 0.45 0.625812 0.374881 0.682018 0.660000 0.666667
0.4 0.2 0.4 0.674227 0.675892 0.640000 0.560000 1.000000
0.35 0.35 0.3 0.632193 0.599479 0.679393 0.520000 1.000000
0.25 0.45 0.3 0.602516 0.579556 0.684264 0.580000 1.000000
0.2 0.4 0.4 0.631485 0.597244 0.701263 0.580000 1.000000
0.1 0.45 0.45 0.586616 0.357389 0.784097 0.660000 0.888889

According to the above experimental results, when a single failure occurs, all parame-
ter selection cases are able to complete the reconfiguration for that failure. The reconfigu-
ration time share and migration success rate are the same. The algorithm’s return value at
this point depends on the load balancing situation. From the experiments, we can see that
the final choice of the single failure parameter λ1 Select 0.1.λ2 Select 0.45.λ3Choosing
0.45. The impact of load balancing value is more significant than other parameter choices.

When continuous failure occurs, it is not possible to explore a viable reconfiguration
option when both 0.45 and 0.1 are selected for λ1. The metrics for return value are un-
satisfactory. When λ1 non-0.4 is chosen, the return value hardly exceeds 4. According to
the experimental results, the return value is more significant than other parameter choices
when λ1 Select 0.4.λ2 Select 0.2.λ3 Select 0.4 for continuous failure.

Single Fault Experimental Results. Experiments were primarily conducted on the qual-
ity of blueprints and convergence speed.
A.Blueprint quality experiment

The single fault blueprint quality comparison experiment compares four metrics: the
return value of the individual reconfiguration algorithm, load balance, reconfiguration
time ratio, and migration success rate. The multi-agent algorithm calculates the average
value of the agent. To mitigate the instability of reinforcement learning, the data is aver-
aged over 10 rounds of iterations. The single fault has a specific location and less faulty
software. The experiment allows for a maximum of 1 fault location in the CPU and a
maximum of 3 faulty software. Figure 6 displays the graphs used to compare the quality
of reconfiguration blueprints for S1-S4.

According to the figure above, it can be seen that in the case of a single fault, all
the various intelligent reconfiguration algorithms have MSR metrics of 1. This means
that in the case of fewer software faults, all the algorithms are capable of performing
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Fig. 6. Comparison of the quality of S1-S4 reconfiguration blueprints

the reconfiguration task. From the data in the table, it can be seen that in the case of the
same number of training sessions. The Improved VDN algorithm is capable of generating
blueprints with higher load balancing metrics compared to other algorithms. As a result,
the reward values also converge to a higher level.
B.Convergence rate experiments

To compare the convergence speed of various reconfiguration blueprint generation
algorithms in the presence of a single fault. In this paper, we selected S1 training data
generated by an integrated modular avionics system in a typical single fault environment,
specifically Fault1, as an example for validation and analysis. The reward values of the
four algorithms were compared over 20,000 training rounds. The average reward value
per 10 rounds for the total number of training rounds for the Fault1 fault is plotted against
the blueprint reward trend, as shown in Figure 7 below. The figure shows the number
of converged rounds for the Improved VDN, VDN, DQN, and Q-learning blueprint al-
gorithms based on fault improvement: 665, 1,163, 1,661, and 1,827 rounds, respectively.
The Improved VDN algorithm demonstrates a faster convergence speed compared to other
algorithms.

Continuous Failure Experiment Results. The following provides a comparison of blueprint
quality and convergence speed.
A.Blueprint quality comparison

More faulty software is involved in consecutive faults, with up to 2 CPUs implicated
in the fault location and up to 6 instances of faulty software in the experiment. Figure 8
is used to compare the quality of S1-S4 reconfiguration blueprints.

From the figure, it can be seen that there is a continuous failure, such as S6. At
this time, the system resources drop dramatically. The corresponding mean squared er-
ror (MSR) values of the Improved VDN, VDN, DQN, and Q-learning algorithms are 1,
0.666667, 0.666667, and 0.5, respectively. It shows that in the case of a large number
of faulty software, only VDN can generate a usable reconfiguration blueprint within a
limited time. The other three algorithms are unable to complete the refactoring and can
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Fig. 7. S1 Blueprint Reward Change Trend Chart

only attempt to migrate the software to be refactored based on the software priority. The
software with a lower migration success rate has higher load balancing metrics and refac-
toring time ratio metrics compared to the Improved VDN algorithm. However, the reward
value for final convergence is still lower than that of the Improved VDN algorithm. As
can be seen from the data in the table, with the same amount of training, the Improved
VDN algorithm is more effective at generating reconfiguration blueprints and converges
faster than other algorithms. It also has an advantage over other comparative algorithms
in its ability for simultaneous multi-objective optimization.
B.Comparison of convergence speeds

To compare the convergence speed of various reconfiguration blueprint generation
algorithms in the presence of continuous faults. In this paper, the training data of the
integrated modular avionics system generating S6 under the typical continuous fault envi-
ronment, Fault6, is selected as an example for validation and analysis. And the algorithms
are selected to compare the corresponding reward values of the four algorithms in 20,000
rounds of training. As shown in Table 4, the reward values of the three reconfiguration
blueprint generation algorithms changed after 20,000 iterations of training in the presence
of Fault1 fault.

For the Fault6 fault, the average reward value of every 10 rounds of training is used
to plot the trend of reward change in the blueprint. Under this framework, the explo-
ration factor is adaptively adjusted by utilizing cumulative rewards derived from the av-
erage sequence. The number of converged rounds for the improved intelligent reconfigu-
ration blueprint algorithm based on VDN is 1744 rounds. The intelligent reconfiguration
blueprint generation algorithms based on VDN, Q-learning, and DQN are all in an oscil-
lating state and cannot converge.
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Fig. 8. Comparison of the quality of S5-S8 reconfiguration blueprints

Table 4. S6 State 1-20,000 Training Blueprint Quality Values

Number of iterations Improved VDN VDN DQN Q-learning

1 0.162586 0.162586 0.137438 0.000125
1000 0.243601 0.243601 0.173120 0.073178
2000 0.321210 0.321210 0.179622 0.180646
3000 0.483040 0.483039 0.192260 0.209591
4000 0.482808 0.482808 0.190402 0.235901
... ... ... ... ...
10000 0.449848 0.449848 0.361703 0.273046
110000 0.432568 0.432568 0.321205 0.291970
120000 0.429175 0.429175 0.396585 0.293272
... ... ... ... ...
18,000 0.670433 0.567463 0.513909 0.493352
19000 0.670433 0.565181 0.515823 0.492240
20000 0.670433 0.569339 0.512242 0.494273

In summary, this paper proposes an intelligent reconfiguration blueprint generation
algorithm based on VDN and average sequence cumulative rewards. Compared to tradi-
tional linearly decreasing exploration factor strategies, the introduced exploration strat-
egy in this algorithm exhibits higher adaptability and flexibility. It better addresses the
learning dynamics of agents during the training process, avoiding blind reduction of the
exploration factor that might lead to local optima. Through the design of two reward func-
tions, the system can effectively evaluate the actions of agents, guiding them to achieve a
balance between cooperation and competition in multi-agent systems. This enables better
completion of the reconfiguration tasks for electronic systems.

A comprehensive analysis of experimental results was conducted, which included
parameter selection experiments, single-fault experiments, and continuous-fault experi-
ments. The proposed algorithm demonstrates advantages in both the quality and speed
metrics of reconfiguration blueprint generation compared to traditional algorithms based
on VDN, DQN, and Q-learning. Furthermore, its advantages become more pronounced,
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especially in complex scenarios such as continuous faults. The algorithm presented in this
paper demonstrates improved applicability and robustness.

Hence, it can be concluded that this paper incorporates the average sequence cumu-
lative reward mechanism into the VDN algorithm and applies it to the comprehensive
electronic system reconfiguration blueprint generation method. This approach not only
enables the generation of higher-quality reconfiguration blueprints but also achieves the
efficient generation of such blueprints.

5. Conclusion

This paper presents the design and validation of an intelligent generation algorithm for
reconfiguration blueprints using multi-agent reinforcement learning. The algorithm uti-
lizes average sequential cumulative rewards instead of the conventional VDN algorithm’s
ε−greedy strategy. The algorithm design includes four main elements: integrated modular
avionics system state design, exploration and utilization strategy design, action space de-
sign, and reward function design. This paper validates the proposed algorithm by compar-
ing its experimental results with reconfiguration blueprint generation algorithms based on
traditional VDN, Q-learning, and DQN. The comparison demonstrates that the proposed
algorithm exhibits superior convergence characteristics and optimization effects, making
it suitable for addressing similar multi-objective optimization reconfiguration problems.
In addition, there is room for optimizing load balancing in complex fault environments,
and evaluation metrics such as software and module correlation are not considered. In the
design of agent systems, as the complexity of faults increases and the number of software
components requiring reconfiguration grows, the number of agent systems also increases.
This significantly impacts both the solving speed and the convergence rate. Therefore, the
definition of an agent system can be further refined. Similarly, bandwidth, ports, routing,
topology, and other factors need to be considered in the future to enhance the reconfigu-
ration of distributed integrated electronic systems.
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Abstract. The increased criminal activity associated with unauthorized entry into
facilities has become a global concern. Traditional mechanical locks suffer from
drawbacks such as key loss, theft, duplication risks, and time-consuming opera-
tion. Therefore, biometrics has been explored as a key to accessing a restricted
area. However, some challenges still need to be solved in developing such systems,
including user registration, response speed, maintainability, and the ability to dis-
tinguish between real and fake individuals. This paper proposes and develops a
biometric lock system (BLS) whose opening is performed by recognizing a per-
son’s face. It solves the challenges of re-training, antispoofing, real-time response,
and works inside an embedding system. The proposed BLS overcomes these chal-
lenges using a pre-trained network called FaceNet for feature extraction and coding
into 128-dimensional vectors. We use the characteristic vector provided by FaceNet
and a cosine distance to recognize the persons. It also incorporates ResNet18 + re-
mote photoplethysmography (rPPG) to avoid spoofing. The architecture was imple-
mented in a BLS, demonstrating an impressive false acceptance rate of 0% under
varying lighting conditions, with an average response time of 1.68 seconds from
facial detection to door opening. The BLS has easy maintainable devices, provid-
ing enhanced security by accurately identifying individuals and preventing unau-
thorized access. The system can distinguish between real and fake people without
using specialized hardware. Making it a versatile solution suitable for homes, of-
fices, and commercial spaces. The results underscore the potential efficacy of our
proposed BLS in mitigating security challenges related to unwarranted access to
restricted facilities.

Keywords: FaceNet, Jetson Nano, CNN, Door lock, Embedded system
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1. Introduction

Building burglary is a security issue that remains one of the main problems in the
Americas according to worldwide incidence rates [40]. Only some countries, such as the
United States, Mexico, and Canada, have reduced their rates in the last 15 years. However,
cases such as Brazil, Ecuador, Guatemala, and Chile have alarmingly increased crime
rates. Some locks are used regularly to protect buildings, houses, and offices, which are
activated mechanically, electronically, smartly, and hybrid.

The facility or asset protection is done according to its importance (i.e., the bank
deposit lock differs from a building lock). The type of lock is defined by the asset’s char-
acteristics, such as the security level, user number, and response time. The scenarios may
vary depending on these concepts since the security levels for protecting a bank vault are
higher than for a house or office. Using the same example, the number of users allowed
in both restricted areas varies.

Mechanical locks boast resilience in power outages and durability owing to their ro-
bust materials. Nevertheless, they rely on physical keys susceptible to loss, duplication,
and time-consuming operation, presenting challenges during emergencies or high-traffic
scenarios. Conversely, electronic locks, including RFID cards, passwords, cryptography,
NFC, biometrics, and hybrid systems, offer keyless entry, remote monitoring, and swift
response times but are rendered useless without electricity and hinge asset security on
the safety of accompanying devices or password management, often incurring higher
costs. RFID cards [46] emulate traditional keys with enhanced user-friendliness and speed
but remain vulnerable to loss or theft. Common passwords bolster security but heighten
the risk of forgetting access credentials. Advanced techniques like one-time passwords
(OTP) [43], IoT [43], cryptographic solutions [8], and NFC devices [42] necessitate addi-
tional devices for code or signal generation, elevating security levels but increasing user
complexity and usability challenges in having to manipulate these devices.

Cost of the approaches related to smart locks are based on biometrics. These locks use
the features present in the user’s body as an access key [28]. Several user’s body features
distinguish one from the other, e.g., fingerprints [33, 45, 66], eye iris [44, 57, 58], vein
patterns [54,62], voice [13,27,65], face [6,7,17,47], among others. These locks are easy
to use, have a high response speed, and do not require additional devices or keys.

A hybrid lock consists of two or more unlocking techniques to increase the secu-
rity of the systems [18, 23, 31]. They are used mostly in restricted areas, such as safes,
bank vaults, and militarized areas. They are characterized by being difficult to use and
prolonged access response.

There are some differences with respect to the biometric features implemented in a
lock. Facial recognition requires less user cooperation with the system. Unlike finger-
print, vein, or voice recognition, the user has minimal interaction with the system [5]. The
fingerprint or vein recognition requires the user to directly contact a scanner for the bio-
metric readings. Alternatively, for an iris reading to be effective, the user must position
his/her eye in proximity to an iris scanner. Therefore, showing a face to a camera is a
simple task that almost anyone, including children, can do.

Face recognition techniques can be divided into three approaches: local, holistic, and
hybrid [32]. Local approaches [2, 50] only use some features present on the face (eyes,
mouth, nose, etc.), generally having faster processing speed but poor recognition effec-
tiveness. Holistic approaches [9, 20] use the entire face for feature extraction, with high
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effectiveness and speed with adequate hardware. Hybrid approaches [11,37] combine the
benefits of holistic and local approaches. However, they are slow to process but highly
effective.

The most widely used technique in the field of face recognition is convolutional neural
networks (CNNs) [1]. Due to their high specialization in image processing, they are a
holistic approach that can represent facial features in small information vectors. The main
disadvantage of CNNs is the high demand for data since they require high training to
reach high rates of recognition effectiveness.

This training can take many hours of work depending on the number of users to be
registered. This process presents a disadvantage since the administrator must stop the lock
operation with each new user registration to train the facial identification system until the
process finishes. In addition, the registration images of users to a facial recognition system
are limited by the number of possible samples to be captured during the registration. This
means that taking a few thousand pictures to train a CNN model is not feasible since
this process would be unaffordable for the administrator and the users to register. This
constraint is related to One-shot learning, which refers to a model that needs to be learned
to classify with only one opportunity [38] (or shot).

Facial recognition locks can also be spoofed by users who present people’s printed or
digital photographs in front of a camera, making another challenge in developing facial
recognition biometric locks. However, there are few proposals to deal with this type of
attack. Some of these techniques directly involve the user by requesting some movement
to verify a real person (e.g., blinking [14]).

Others use thermal cameras [64] with simple convolutional neural networks trained
to identify real faces [10]. These techniques have shortcomings in that they can increase
hardware costs (thermal cameras), can be spoofed by videos (blinking), or the light con-
ditions and quality of a photograph could allow intruders to gain access.

In summary, biometric locks based on facial recognition are a viable alternative for
building access control due to their effectiveness, response time, and ease of use. For its
development, it is necessary to overcome some challenges: the amount of data available
for user registration (one-shot-learning), detection that users are real (anti-spoofing) with-
out impacting the ease of use and avoid the use of specialized hardware not to raise costs,
and finally implement a recognition system in a maintainable embedded system.

Our proposal takes a strategic two-phase approach to development. The first phase
involves coding and integrating face recognition techniques, specifically addressing the
challenges of one-shot learning and anti-spoofing. In the second phase, we design a mod-
ular system of independent devices that seamlessly work together as an electronic door
lock, ensuring a comprehensive and robust solution.

In this work, as the solution for One Shot Learning, we selected a CNN architecture
named FaceNet [52], which extracts the characteristics of the faces and stores them in
a vector, thus compares them to identify people based on their similarities. The main
advantage of FaceNet is that it is a pre-trained network, so it does not require numerous
images for facial identification. Hence, it can extract the features of new faces with a
single image and store them in a vector. Another important feature of FaceNet is the
effectiveness demonstrated during its development. According to the results obtained by
the authors, it reached 99.67% effectiveness with training of more than 500 million images
from more than 10,000 different subjects of all races, ethnicities, and ages.
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To avoid spoofing through photographs displayed on the camera, a pre-trained CNN
for facial skin detection called ResNet18 [21] and the remote photoplethysmography tech-
nique (rPPG) [34] were used. ResNet18 extracts small sections of the image correspond-
ing to the user’s facial skin. These skin extracts are processed with an rPPG algorithm,
which can identify the heart rhythm through the light reflection changes caused by the
blood circulation under the skin. Photographs do not show a change in reflected light,
while videos depend directly on the device’s luminance, which is why the rPPG functions
as an anti-spoofing filter. The ResNet18 is a low-density network that decreases the per-
formance impact on the computer and, in conjunction with a lightweight mathematical
algorithm such as rPPG, provides a low computational cost reality detector.

We integrated an anti-spoofing system (rPPG), a feature extractor (ResNet18), and a
facial recognizer (FaceNet) in an embedded system to develop a biometric lock with a
zero percent false positive rate with a real-time response speed. It is important to mention
that the ResNet18 + rPPG + FaceNet offer a balance between effectiveness, speed being
executed, and reality detection compared to other prototypes highlighted in the state of
the art, which, in some cases, demonstrate high performance in one aspect but too low or
no performance in another.

Finally, a biometric-lock system (BLS) capable of controlling access through facial
recognition was developed. The BLS was divided into three modules: (i) user interfaces
and control, which describe the interaction of the hardware elements (Camera, Jetson
Nano, display, and Arduino UNO) that are responsible for running the facial recognition
system (FRS) and door opening, as well as interacting directly with the user, (ii) FRS,
which represents the software responsible for processing the images received for registra-
tion or authentication of users of facial recognition by implementing ResNet18 + rPPG
to validate that the faces received belong to real people and FaceNet for the face charac-
teristics extraction, and (iii) Power circuit, this module is responsible for managing the
electrical energy to lock and unlock the door.

This three-phase modulation allows us to visualize the elements of the prototype indi-
vidually. Thus, it is possible to perform individual maintenance on each hardware device
separately, increasing the maintainability of the BLS. Although there are BLS alternatives
on the market, most of these devices are completely hermetic, making the maintenance
task difficult, in addition to their high costs.

The scenario proposed in this work is to generate a lock capable of allowing access
to a large number of people, which can vary from the size of a family (3-8 members)
to a corporation of workers (100-200 members). It is also necessary not to require any
key, password, card, or additional device, as well as to reduce the user’s cooperation to
only present his/her face to the camera. Therefore, it is considered a real-time response
speed (0-2 seconds) to avoid a backlog of people trying to gain access to the building.
This time was determined by observing a school RFID access control system under actual
operating conditions. Also, a false acceptance rate (also known as false match rate, FMR)
under 0.1% according to the regulations of NIST [19].

Therefore, the main contributions of this work are enumerated as follows:

– We propose a novel three-module architecture for facial recognition (ResNet18 +
rPPG + FaceNet) available in 5. ResNet18 and rPPG are responsible for calculating

5 https://github.com/MisaelZazueta/Face-Recognition-Door-Lock
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the visible heart rate on the user’s face to rule out those who do not have a heartbeat,
thus limiting facial recognition to real faces and not intruders seeking to circumvent
the system through photographs or videos. All real faces are passed to FaceNet for
identification with a single sample of the person’s face; we do not carry out a learning
stage; instead, we use the characteristic vector provided by FaceNet and cosine simi-
larity to distinguish and recognize the persons listed in our database. This architecture
avoids specialized equipment or further interaction with the user. It also provides a
lightweight architecture suitable for running on embedded devices such as the Jetson
Nano.

– We designed an interface and control interface architecture that consists of four el-
ements (Jetson Nano, Camera, LCD Display, and Arduino UNO) for the software
execution. This architecture is based on deep learning techniques (Jetson Nano) ca-
pable of making decisions (Boolean) and sending signals (Arduino UNO) to a power
circuit to control the energy flow for an actuator. These interfaces are also respon-
sible for generating the necessary images (Camera) to be processed by the software
and interacting with the user as visual support (LCD screen).

– We built a BLS based on facial recognition by integrating the facial recognition sys-
tem, the user and control interface architecture, and a power circuit. This BLS is
suitable for the use suggested in the above-proposed scenario and is maintainable due
to its software and hardware modules division.

According to the obtained results, the BLS has a high degree of security. This is
because the system did not allow access to people not registered in the system, i.e.,
it obtained a 0% false acceptance rate (0 false positives). The system had only non-
identification errors for some users. That is, it obtained an average false rejection rate
9%. However, the rate of people who achieved at least one successful access was 95.12%.
In addition, the successful results showed an effectiveness of 91% in all shots. Finally, the
response time from face detection to door opening averaged 1.68 seconds. These results,
in conjunction with a 100% effectiveness in antispoofing, demonstrate a balance between
the parameters sought for BLS development.

The following sections of this paper are organized as follows. Section 2, Related Work,
briefly describes some of the work done by other authors. Section 3 describes the Materi-
als and Methods used to develop the work. Section 4 discusses the results obtained in the
BLS testing stages. Finally, Section 5 contains the conclusions inferred from the results
obtained.

2. Related Work

The development of biometric door locking systems is a topic that computer re-
searchers are addressing to develop security devices with better quality standards. How-
ever, some approaches specialize in hardware or software, and the minority of these de-
velopments encompass hardware and software. The following is a summary of some of
the work related to solutions proposed by other authors. First, we describe work on bio-
metric locks based on facial recognition, each using different hardware devices and facial
recognition techniques to perform their tasks. Afterward, we describe outcomes with fa-
cial recognition techniques to visualize an overview of what is currently being used by
the scientific community in terms of facial recognition.
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In [41], the authors use a Raspberry Pi to run the facial recognition software. Because
this device has limitations in running deep learning-based applications, a Neural Com-
pute Stick 2 (NCS2) is added as an auxiliary device. Deep learning-based classification
tasks are processed on the NCS2. Also, they use an electromagnetic lock driven by a coil,
which in turn responds to the signals emitted by a GPIO output of the Raspberry Pi. A
third party developed the implemented facial recognition. It consists of a neural network
optimized for microcontrollers called MobileNet [24], combined with a Single Shot De-
tector (SSD) [36] system to detect that it is a real person. The results correspond to an
accuracy of 88.75% in facial recognition with a population of 16 people and five repeti-
tions per person. In addition, the system did not fail in any of the five attempts to deceive
the design through digital photographs displayed on smartphones.

The authors of [35] developed a face recognition system implemented on a Jetson
Nano microcomputer. A Haar algorithm performs face detection and FaceNet performs
face recognition [52]. This system does not mention any reality detection stage to verify
that the recognition applies only to real people. A reed switch initiated the algorithm once
a person opened the door. Their results showed an accuracy of 97.7%

The paper [26] describes a door lock based on a Raspberry Pi microcontroller. Other
hardware elements in this paper are a solenoid in charge of activating and deactivating
the door lock, a relay to control the voltage flow to the solenoid, a camera module, and a
buzzer that works as an audible alarm against intruders. Facial recognition is based on a
simple convolutional neural network (CNN) [49]. The database comprised 1100 images,
of which 1040 were for training and 60 for testing. The testing process was performed
on five registered people and five not registered. Giving 120 samples at 0.5 m, 1.0 m,
and 1.5 m distance and four-light conditions: morning, afternoon, evening, and night. The
accuracy in 1.0 m and 0.5 m was 100% in all light conditions. The accuracy obtained at a
1.5 m distance was 97.5% in the morning, afternoon, and evening. At night it was 100%.
The average accuracy was 97.83%.

A hierarchical system is developed in [60]. In this work, two neural networks oper-
ate together to determine the identity of individuals. A ResNet101 [29, 30] was modified
to define the faces from images. Subsequently, the FaceNet [52] extracts a feature vec-
tor from the face, which is compared inside the database to identify the person. All this
is executed inside a Raspberry Pi 4 microcontroller. The door lock is composed only of
a servo-motor that transforms the electrical signals into mechanical movements(i.e., it
rotates to drive a sliding door once it receives electrical signals directly from the micro-
controller). In addition, this system sends e-mail notifications to the administrator every
time someone interacts with the facial recognizer. The accuracy obtained was 87.36%.
The tests consisted of a total of 230 samples.

In [15], a facial recognition system is described whose main feature is the inclusion
of a stage of reality detection of the person by blinking eyes. This has the limitation that
intruders can show videos of authorized persons blinking to the camera. The detection of
faces in the images is performed by a technique called Histogram of Oriented Gradients
(HOG) [16], which generates a vector of features. This vector is classified by a simple
Support Vector Machine (SVM) [22]. The software is run on a Raspberry Pi 3 B+ micro-
controller. The power module for the proposed door lock consists of a relay, a solenoid,
and a power supply. Furthermore, an ultrasonic sensor is included to detect if a person is in
front of the Pi-Camera used to obtain the images. The results generated in this work were
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92.68% of maximum accuracy in optimal lighting conditions, and the average execution
time was 10.196 seconds.

In [51], two different methods are used for face recognition. The first one is based on
a local binary pattern histogram (LBPH) algorithm [55]. Each histogram created by this
algorithm represents each image in the database. Then, histograms generated by a real-
time video are compared with those in the database. The Euclidean distance between his-
tograms is obtained. The second method uses a Histograms of Oriented Gradients (HOG)
algorithm [16], which extracts a 128-dimensional feature vector from each face. Like the
previous algorithm, the Euclidean distance between the vectors obtained in real-time and
those found in the database is calculated. Both algorithms are run on a Raspberry Pi,
which controls a MOSFET switch that activates and deactivates the solenoid that locks
the gate. A magnetic sensor tells the system if the door has been closed to relock the
solenoid. Also, a system to detect the presence of users nearby is used. This uses an Ar-
duino, a motion sensor (PIR), and a lamp. When the motion sensor sends a signal to the
Arduino, it turns on the room lamp. The accuracy of the LBPH method was 98%, while
HOG was 96%, in a total of 200 tests for each.

Related work describing the development of a biometric lock based on facial recog-
nition focuses primarily on the interaction of hardware elements and facial recognition
software. In the works described above, there is an imbalance in the anti-spoofing issue,
since, there are few authors who address this issue to prevent malicious attacks by intrud-
ers. In this work, a biometric-lock system is developed that approaches all the necessary
aspects for implementing a door security system based on facial recognition, with the ad-
vantages of embedded devices, but with an individual focus on facial recognition and an
anti-spoofing technique using a Resnet18 + rPPG technique that calculates the heart rate
from changes in the user’s skin tone.

3. Materials and Methods

Hardware and software complement each other to develop a biometric-lock system
(BLS) that allows users to access a restricted area through facial recognition. The devel-
opment methodology to construct the architecture proposed for the BLS is divided into
three modules, as shown in Figure 1. The first module refers to the development of the
Facial Recognizer System (FRS). It is composed of two blocks: (i) User Registration and
(ii) User Authentication, up to the interaction of the information exchanges that exist be-
tween the modules. The second module, named User and Control Interfaces, consists of
four hardware elements and executes the logic tasks. The third is the electronic module,
named Power Circuit, for locking and unlocking the access door when receiving a signal.
We explain each module in the following subsections.

3.1. Facial Recognizer System FRS

FRS is divided into two main blocks. The User Registration block has the purpose
of registering the people who can unlock the door to gain access, this task is done by
an administrator. On the other hand, the User Authentication block is in charge of facial
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Figure 1. Development methodology to construct the BLS architecture.

recognition of all persons (users) who show themselves in front of the camera and grant
(or not) access to the restricted area.
User registration User Registration block registers users that the system will allow ac-
cess to once they are facially recognized and is divided into two stages that describe the
image flow and processing as shown in Figure 2.

As shown in Figure 2-(a), in the first stage, a photograph of the user’s face (xi) is
provided frontally by Source. Also, enter the user’s name (c+) by which he/she will be
identified.

Before storing the user data (photo and name), two copies of the images are generated
in the Data Augmentation module. These copies correspond to images derived from the
original user’s photograph, one with a treatment that brings the user’s face closer and the
other with a slight change in the angle of the face. In this way, it is sought to cover certain
angles or distances of the user in front of the Camera. These three images are stored in a
directory (D) per user called the user’s name. This D is stored in the Local disk.

Then, in the second stage, as shown in Figure 2-(b), the L1 module sends the images
extracted from the Local disk (xj) to the Face Detection module. Face Detection detects
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(a) User photo and name capture stage. (b) Feature vector generation and storage.

Figure 2. Extraction of the architecture for the creation of the database.

and extracts faces from an image. This is achieved through models or molds in an XML
format called Haar Cascades, which contain features of a frontal face in a numerical data
matrix. If one or more regions of the image correspond successfully, these regions are
extracted as coordinates within the original image. If an image contains faces, and they are
detected, the image and its coordinates (xj , vi) are sent to Facenet module. This module
uses a neural network called FaceNet to extract the characteristics of the detected faces.

CNNs are composed of the feature extraction layer and the learning layer. The feature
extraction layer is made up of convolution and reduction (known as pooling) layers, and
the learning layer is typically a fully connected neural network. CNNs are designed to pro-
cess data in multiple arrays, for example, a color image composed of three-dimensional
arrays containing pixel intensities in RGB [63].

FaceNet is one of the Deep Learning-based facial recognition applications. It is a one-
shot learning algorithm that calculates the similarity distance for each face in Euclidean
space [61]. FaceNet [52] was created by Google in 2015, and it is a pre-trained CNN that
extracts the main features of faces and transforms them into a 128-dimensional vector
known as embedding, that represents the principal features extracted from the faces.

Conventional CNNs fail to solve the problem called one-shot-learning [12], which
is attributed to the inability to do optimal training with only one image per user in the
database. In contrast, FaceNet, being a pre-trained CNN with more than 500 million im-
ages, according to the authors, achieves a 99.63% effectiveness [52], which is more than
the effectiveness reached by the human eye.

FaceNet architecture, as shown in Figure 3, starts from a batch of face thumbnails
that works as a Deep Architecture (CNN) input. The Deep architecture transforms the
thumbnail image into a 128-D vector. This vector is normalized in L2 process, which
results in an Embedding of the face. The embedding is followed by Triplet Loss during
training.

Facenet module returns to L2 module a 128-dimensional vector (zi) corresponding
to the features of the face in the image.L2 also extracts the user’s name (c+) and assign
its to the zi. The final result of the images in database treatment is a Pickle file with
the extension “.pkl” (Z), which are all the identities of Euclidean positions in a 1x128
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Figure 3. FaceNet structure.

dimensions space stored in the Local disk module. Pickle is a Python module used to
serialize a file on a disk and then deserialize it back into the program at runtime.

In Z, all the feature vectors of the faces available in D are stored. Each time one or
more users are stored, all the feature vectors of the users stored in D must be re-calculated.

User authentication This process requires the interaction of five components as shown
in Figure 4. It starts with an image (xi, 160x160 pixels) sent to the Face Detection mod-
ule. The extracted image and coordinates (xi, vi) are dispatched to the Reality Detection
module.

Figure 4. Architecture extraction for facial identification.

Real faces must correspond to real people’s faces shown on camera in real-time, while
fake faces correspond to attempts to spoof the system using printed or digital photos. In
other words, in this module, a classification treatment is carried out with a CNN to the
regions obtained from the Face Detection module, becoming an anti-spoofing filter for
images of non-real people, such as photographs placed in front of the camera.

The Reality Detection module uses a typical CNN called ResNet18 that consists of
17 convolution layers and one fully connected network layer, and the activation func-
tion used is ReLU [21]. Its purpose is to extract small image regions corresponding to
the user’s skin parts. Then, remote photoplethysmography (rPPG) treatment detects heart
rates and classifies the extracted faces into real or false faces. The rPPG is a heart rate
measurement technique that calculates light reflected from the skin, this change is calcu-
lated by comparing the reflected light from one frame to the next. The amount of blood
in a specific skin area causes capillary dilation and constriction, which causes the light
reflected from the skin to change according to the volume of blood circulating [59]. This
heart rate measurement method reached a 98.97% test accuracy [56], using a 0.307 M
effective pixel camera (ours is 8.08 M effective pixels).
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When an image is filtered, and the result is a fake face Reality Detection sends a false
Boolean (bi), and the image (xi) with the face squared in red is displayed on the screen
as shown in Figure 7-(c). Otherwise, if the filtered face gives a true result, the Reality
Detection module sends the original image and its coordinates (xi, vi). Facenet module is
responsible for extracting the features from the faces present in the image and sending a
new 128D vector (zi) to the Calculator module. Then, the Calculator module calculates
the angles from this new vector with all the vectors (Z) extracted from the Local disk.

The angles between vectors are calculated by cosine similarity (CS) using the Equa-
tion 1 where ai is the resulting angle, wi is the feature vector obtained from the new image
generated in real-time, and zi is the representation of the feature vectors stored in Local
disk. The resulting values range is from 0 to 1 (ai ∈ R(0, 1)), where 1 is the biggest angle,
and 0 is the smallest. Figure 5 shows an example of a comparison between two vectors,
the separation angle and the defined threshold.

ai(wi, zi) = 1− wi · zi
||wi||2 · ||zi||2

(1)

Figure 5. Cosine similarity for comparison of two data vectors.

At this point, if the smallest angle is under a threshold (th), the Calculator module
extracts the name (c+) of the most similar vector, which is a person’s name. Otherwise, if
the smallest angle is not below the th, the name “Unknown” is assigned. Similarly, if two
or more vectors obtain the same CS and are below the th, “Unknown” is assigned.

We implemented a threshold of 0.30 based on the need to ensure greater similarity
between the feature vectors of the detected faces, which helps to strengthen the system’s
security and reduce the risk of confusion between users. We pointed out that decreasing
the similarity threshold raises the level of features required for a face to be recognized as
valid, resulting in a decrease in False Positive cases.

In contrast, in [53], a th of 0.40 was calculated using the C4.5 [48] algorithm, obtain-
ing a Recall of 96.42, which indicates the presence of False Positive cases. By adjusting
the threshold to 0.30 in our work, we seek to mitigate this problem and reduce the proba-
bility of misidentifications, prioritizing the security of the system.

It is essential to note that by lowering the threshold, it is possible to increase the rate
of False Negatives, i.e., cases in which a legitimate user may be erroneously rejected.
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However, in the context of security, it is preferable to go inaccurate in denying access
to a legitimate user than to allow access to an intruder. Therefore, by sacrificing some
False Negatives in favor of reducing False Positives, we are strengthening the integrity
and reliability of the facial recognition system.

Figure 6 shows a simulation of the CS obtained of a user’s face taken in real-time (wi)
compared to each of the previously recorded users (zn). Because z2 has the smallest angle
and is below the th, the output is assigned the z2 identity.The CS calculation process takes
one millisecond (0.001 seconds) on average per registered user, i.e., 1-300 registered users
have a minimal impact on the system response time.

Figure 6. Simulation of angle calculation between vectors for identity assignment.

Finally, the output generated by the Calculator module generates a new image created
with the same input image (xi). Still, the detected person’s face is framed with a green
square with its name on it and displayed on the Screen as shown en Figure 7-(a). Also, a
Boolean (bi) is sent to an Arduino UNO to unlock the door in case the facial recognition is
successful. Otherwise, if the result is unsuccessful, the image of the unrecognized person’s
face will be displayed on the screen in a red square with the word “Unknown” as shown
in Figure 7-(b).

(a) Successful facial recog-
nition in Screen.

(b) Unsuccessful facial
recognition in Screen.

(c) Spoof try rejected in
Screen.

Figure 7. Possible results showed in Screen.
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3.2. User and Control Interfaces

This module is responsible for performing the image acquisition and processing tasks
as well as the delivery of results that can be positive or negative for the unlocking or
blocking of the door, respectively. The Jetson Nano microcomputer, the Camera, and the
Screen are three key system interfaces due to the importance of their tasks. A cabinet was
designed and machined to protect and fix these interfaces to contain them in a strategic
position for their functions.

The Camera acquires images for two elementary purposes in the system. First, it takes
photographs to add users to the database used in the User Registration process, and sec-
ond, it captures the users’ images that will be facially identified by the User Authentication
process.

A microcomputer Jetson Nano runs the FRS. It receives the images from the Camera
and sends Boolean signals to an Arduino UNO as an output. This device executes the
looking and unlocking task sending signals to the Power Circuit module. This task is
delegated to the Arduino UNO to reduce the computational overhead generated on the
Jetson Nano. The Screen receives the output images from the Jetson Nano, and it works
as visual support so the users can see their faces.

The devices descriptions are:
– Camera: IMX219 is a 4.60mm diagonal CMOS (Type 1/ .0) active pixel type image

sensor with a square pixel matrix and 8.08M effective pixels. This chip is powered
by three power supplies, 2.8V analog, 1.2V digital, and 1.8V IF, and has low power
consumption [3].

– Jetson Nano: 472 GFLOPS of computing performance with a quad-core 64-bit ARM
CPU and an integrated 128-core NVIDIA GPU. It also packs 4GB LPDDR4 memory
in an efficient low-power package with 5W / 10W power modes and 5V DC input
[39].

– Screen: 7 inches touch IPS Screen connected via HDMI, 1024x600 hardware reso-
lution.USB protocol translator, converting the touch signal into standard multi-point
touch protocol to achieve smooth multi-point touch control. Powered with 5V via
micro-USB.

– Arduino UNO: is a development board based on ATmega328P, with 14 terminals for
data input or output. It works with a 16 MHz resonator, USB/Power jack connections
[4].

3.3. Power Circuit

Since the Arduino UNO device is capable of sending electrical signals in the range of
0V to 5V and the Electronic Lock is powered with 12V, a Power Circuit module is needed
to control the current flow required by the Electronic Lock with the Arduino UNO signals.
This Power Circuit is composed of three electronic devices: a Relay, a Power Source, and
the aforementioned Electronic Lock.

The facial recognition system will send a true or false value depending on the result
of the user’s identification. When the Arduino UNO receives a true value, it sends a 5V
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signal and activates the Relay. This device acts as a “switch”, i.e., when the Relay receives
the signal, it activates and allows the voltage flow (12V) from the Power Source to the
Electronic Lock. The Electronic Lock is a counter-plate that unlocks when receiving a
12V signal. This counter plate is located on the door frame. The door lock prevents the
door from opening until the counter plate is energized and allows manipulation.

– Electronic Lock: is a fixed device that, upon receiving an electrical signal, its opening
mechanism unlocks to allow a door to open.

– Relay: is an electronic device that distributes an electrical signal in two directions (A
or B). When the relay is in a normal state, it sends the signal in direction A, but when
it is activated, it sends the signal in direction B.

– Power Source: is an electronic device that transforms electrical energy from alternat-
ing current into direct current. It is commonly used to transform ordinary household
electrical energy (120 volts AC) into electrical energy for charging mobile devices
(5/12/24 volts direct current).

4. Testing and results

The Facial Recognition System (FRS) was developed, compiled, and executed in
Python language. It uses Tensorflow-GPU and Keras libraries to implement CNNs for
reality detection and facial recognition (ResNet18 and FaceNet). In the same way, the
“switch” process executed by the Arduino UNO was developed, compiled, and executed
in C++.

Three stages of FRS testing were performed: (i) face recognition testing with artificial
lighting, (ii) face recognition testing with natural lighting, and finally, (iii) reality detection
testing using printed and digital photographs and videos.

The individuals considered for testing the system represent a mixed sample of Mexi-
can people aged 14 to 40. Approximately 90% of the sample is in the 18 to 23 age range.
The skin tones of the individuals are diverse, ranging from tan to lighter skin tones.

The first testing stage was performed with artificial lighting on 85 users, 72 registered
users, and 13 non-registered users. The tests were conducted with illumination on the top
of the users’ heads to avoid shadows that would hinder facial recognition. The population
of test users registered 425 trials (5 for each user) to the FRS. From 360 registered-users
trials, the system successfully recognized 321 times (TP, True Positive) and 39 times failed
to identify the person (FN, False Negative), giving the result of “Unknown". No identity
assignment errors were recorded, i.e., the system did not confuse any user (registered or
not) with another (FP, False Positive). Within the controlled environment testing stage, 13
users who were not registered in the system were tested. The total number of attempts was
65. 100% of the cases were identified as “U", i.e., of all the cases predicted as “Unknown",
the real result the system gave was the same (TN, True Negative). Table 1 shows the
confusion matrix resulting from the tests in a controlled environment.

Tables 2 to 6 show the relationship matrices related to face recognition performed in
a controlled environment on 72 users (S) registered in the system. User number 23 was
recognized only once by the FRS, and 4 obtained a “U" (Unknown) result. During the
execution of the tests, different variables were observed that influenced the facial identi-
fication of some test subjects, e.g., face pose, glasses, or fringe. If any of these variables
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Table 1. Resulting confusion matrix for the controlled environment testing stage.
Predicted

Positive Negative

R
ea

l Positive 321 0
Negative 39 65

changed from the initial sampling, facial recognition showed delays and failed identifi-
cations. Therefore, as users attempted facial recognition and failed to make a successful
identification, they were asked to change these variables to cover the issues surrounding
the face presentation to the system.

Table 2. Relationship matrix of face recognition results with artificial lighting to registered users (1/5)
Predicted

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16
S1 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S2 0 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S4 0 0 0 5 0 0 0 0 0 0 0 0 0 0 0 0
S5 0 0 0 0 5 0 0 0 0 0 0 0 0 0 0 0
S6 0 0 0 0 0 5 0 0 0 0 0 0 0 0 0 0
S7 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0 0
S8 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0
S9 0 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0
S10 0 0 0 0 0 0 0 0 0 5 0 0 0 0 0 0
S11 0 0 0 0 0 0 0 0 0 0 5 0 0 0 0 0
S12 0 0 0 0 0 0 0 0 0 0 0 5 0 0 0 0
S13 0 0 0 0 0 0 0 0 0 0 0 0 5 0 0 0
S14 0 0 0 0 0 0 0 0 0 0 0 0 0 5 0 0
S15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5 0
S16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2

R
ea

l

“U" 0 0 5 0 0 0 0 0 0 0 0 0 0 0 0 3
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Table 3. Relationship matrix of face recognition results with artificial lighting to registered users (2/5)
Predicted

S17 S18 S19 S20 S21 S22 S23 S24 S25 S26 S27 S28 S29 S30 S31 S32
S17 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S18 0 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S19 0 0 5 0 0 0 0 0 0 0 0 0 0 0 0 0
S20 0 0 0 5 0 0 0 0 0 0 0 0 0 0 0 0
S21 0 0 0 0 5 0 0 0 0 0 0 0 0 0 0 0
S22 0 0 0 0 0 5 0 0 0 0 0 0 0 0 0 0
S23 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
S24 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0
S25 0 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0
S26 0 0 0 0 0 0 0 0 0 5 0 0 0 0 0 0
S27 0 0 0 0 0 0 0 0 0 0 5 0 0 0 0 0
S28 0 0 0 0 0 0 0 0 0 0 0 5 0 0 0 0
S29 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S30 0 0 0 0 0 0 0 0 0 0 0 0 0 5 0 0
S31 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5 0
S32 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5

R
ea

l

“U" 0 0 0 0 0 0 4 0 0 0 0 0 5 0 0 0

Table 4. Relationship matrix of face recognition results with artificial lighting to registered users (3/5)
Predicted

S33 S34 S35 S36 S37 S38 S39 S40 S41 S42 S43 S44 S45 S46 S47 S48
S33 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S34 0 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S35 0 0 5 0 0 0 0 0 0 0 0 0 0 0 0 0
S36 0 0 0 5 0 0 0 0 0 0 0 0 0 0 0 0
S37 0 0 0 0 4 0 0 0 0 0 0 0 0 0 0 0
S38 0 0 0 0 0 5 0 0 0 0 0 0 0 0 0 0
S39 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0 0
S40 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0
S41 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
S42 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
S43 0 0 0 0 0 0 0 0 0 0 5 0 0 0 0 0
S44 0 0 0 0 0 0 0 0 0 0 0 5 0 0 0 0
S45 0 0 0 0 0 0 0 0 0 0 0 0 5 0 0 0
S46 0 0 0 0 0 0 0 0 0 0 0 0 0 5 0 0
S47 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5 0
S48 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5

R
ea

l

“U" 0 0 0 0 1 0 0 0 4 4 0 0 0 0 0 0
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Table 5. Relationship matrix of face recognition results with artificial lighting to registered users (4/5)
Predicted

S49 S50 S51 S52 S53 S54 S55 S56 S57 S58 S59 S60 S61 S62 S63 S64
S49 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S50 0 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S51 0 0 5 0 0 0 0 0 0 0 0 0 0 0 0 0
S52 0 0 0 5 0 0 0 0 0 0 0 0 0 0 0 0
S53 0 0 0 0 5 0 0 0 0 0 0 0 0 0 0 0
S54 0 0 0 0 0 3 0 0 0 0 0 0 0 0 0 0
S55 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0 0
S56 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0
S57 0 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0
S58 0 0 0 0 0 0 0 0 0 5 0 0 0 0 0 0
S59 0 0 0 0 0 0 0 0 0 0 5 0 0 0 0 0
S60 0 0 0 0 0 0 0 0 0 0 0 5 0 0 0 0
S61 0 0 0 0 0 0 0 0 0 0 0 0 5 0 0 0
S62 0 0 0 0 0 0 0 0 0 0 0 0 0 5 0 0
S63 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5 0
S64 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5

R
ea

l

“U" 0 0 0 0 0 2 0 0 0 0 0 0 0 0 0 0

Table 6. Relationship matrix of face recognition results with artificial lighting to registered users (5/5)

Predicted
S65 S66 S67 S68 S69 S70 S71 S72

S65 0 0 0 0 0 0 0 0
S66 0 5 0 0 0 0 0 0
S67 0 0 5 0 0 0 0 0
S68 0 0 0 4 0 0 0 0
S69 0 0 0 0 5 0 0 0
S70 0 0 0 0 0 5 0 0
S71 0 0 0 0 0 0 0 0
S72 0 0 0 0 0 0 0 5

R
ea

l

“U" 5 0 0 1 0 0 5 0

The faces of the users with the highest number of failed attempts showed a trend in
the images captured during the registration stage. For example, the presence of severe
occlusions in the eye area is notorious because the users had very thick eyebrows, wore
glasses and/or wore very pronounced bangs. Another factor detected in the registration
images is the darkening of the mouth area due to pronounced commissures. These factors
produce occlusions and shadows in critical areas of the user’s face during registration,
thus losing essential features of the user’s face and making it difficult to authenticate users
during testing is shown in Tables 2 to 6. Similarly, make-up influences the recognition of
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some users, i.e., if the user presents different make-up conditions during registration and
authentication, the BLS will tend to fail due to changes in facial features.

The second testing stage was performed outdoors under natural light conditions during
sunset. Table 7 shows the results obtained from testing 10 test users registered in the
system between 19:30 and 19:45 GMT-6. It is a time when the sun begins to set, and
the amount of light decreases considerably but without reaching total darkness. Testing
outdoors is to add a variable related to the amount of light available for face recognition
and reality detection.

At the end of this stage, the system failed to recognize 6 out of 50 attempts. Also,
within this stage, 25 tests were performed on five subjects not registered in the system.
As in the previous stage, the system did not recognize unregistered subjects. Table 7
shows the 44 facial recognition hits (TP), 25 successes in non-face recognition (TN), six
unsuccessful recognitions (FN), and 0 identity assignment errors (FP) obtained.

Table 7. Resulting confusion matrix for the uncontrolled environment testing stage
Predicted

Positive Negative

R
ea

l Positive 44 0
Negative 6 25

Table 8 shows the relationship matrix of the tests performed on users with natural
lighting.

Table 8. Relationship matrix of face recognition results with natural lightning to registered subjects
Predicted

S73 S74 S75 S76 S77 S78 S79 S80 S81 S82
S73 5 0 0 0 0 0 0 0 0 0
S74 0 5 0 0 0 0 0 0 0 0
S75 0 0 4 0 0 0 0 0 0 0
S76 0 0 0 5 0 0 0 0 0 0
S77 0 0 0 0 5 0 0 0 0 0
S78 0 0 0 0 0 2 0 0 0 0
S79 0 0 0 0 0 0 5 0 0 0
S80 0 0 0 0 0 0 0 3 0 0
S81 0 0 0 0 0 0 0 0 5 0
S82 0 0 0 0 0 0 0 0 0 5

R
ea

l

“U" 0 0 1 0 0 3 0 2 0 0

As in the previous testing stage, the users who presented more errors in the testing
stage, as shown in Table 8, demonstrated more shadows and occlusions on the face in the
capture of log images.

As the final results of the facial recognition tests in the first two stages, Table 9, 365
hits in face recognition (TP), 45 system failures in confusing registered subjects with un-
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known subjects (FN), 90 hits in non-recognition of non-registered subjects (TN), and 0
mistaken identity assignments to registered or non-registered subjects (FP) can be ob-
served.

Table 9. Resulting confusion matrix from the two face recognition stages of testing
Predicted

Positive Negative

R
ea

l Positive 365 0
Negative 45 90

Once the two stages of face recognition testing were completed, results were obtained
for the evaluation criteria: false rejection rate (FRR), false acceptance rate (FAR), accu-
racy, and F1. FRR (Equation 2) is a binary classification measure that provides an eval-
uation of how well the system avoids false negatives (FN). FAR (Equation 3) evaluates
how well false positives are avoided. Both measures generate values between 0 and 1;
the closer the result is to 0, the better the system evaluation. Accuracy is the most widely
used measurement in classification systems. It is calculated by dividing the total number
of hits by the total number of samples, i.e., accuracy is the percentage of hits in the system
(Equation 4).

FRR (False rejection rate) = 1− TP/(TP + FN) (2)

FAR (False acceptation rate) = 1− TN/(TN + FP ) (3)

Accuracy = (TP + TN)/(TP + FP + FN + TN) (4)

The evaluation criteria described above were applied to the results corresponding to
the face recognition tests in the two stages shown in Tables 1, 7, and 9. The evaluations
obtained are summarized in Table 10.

Table 10. FRS evaluation criteria results of tests in the face recognition stages
Evaluation criteria
FRR FAR Accuracy

C
on

di
tio

ns Artificial lightning 0.1083 0.0 0.9082
Natural lightning 0.1200 0.0 0.9200
Average 0.1098 0.0 0.9100

To verify that the system is robust to different types of lighting (natural or artificial),
a paired T-Student [25] distribution parametric analysis was performed. We proposed the
next hypotheses:

– H0: No significant difference exists in tests performed with natural and artificial illu-
mination.

– H1: There is a significant difference in tests performed with natural and artificial
illumination.
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A random sampling of 10 users from the artificial lighting test stage was generated for
comparison. Using the individual effectiveness obtained for each user (20% per successful
recognition) showed in Tables 2 to 6 and Table 8, the following data were obtained: mean
difference x̄ = −6, sample size n = 10, standard deviation Sd = 32.73. The degrees
of freedom (df = 9) and significance level (α = 0.05) are considered for the parametric
analysis. The corresponding T-Student statistic value is tα : 0.005, df : 9 = 2.2622.
Equation 5 was used and t = −0.5797 was obtained.

t =
x̄
Sd√
n

=
−6
32.73√

9

= −0.5797 (5)

Figure 8 shows that the t-value (statistic) obtained is within the confidence interval. H0

is accepted, i.e., no significant difference exists between the tests performed with artificial
and natural lighting. Because of this, the system is robust to changes in illumination from
natural to artificial or vice versa.

Figure 8. Paired T-Student distribution parametric analysis graph

In the last testing stage, 90 photographs and ten videos were submitted to the FRS.
None of the attempts were successful in spoofing the system (TN). In addition, the system
was recognized as real people in all 500 attempts in the previous two stages of testing
(TP). Thus, as shown in Table 11, the Reality Detection module obtained 500 TP and 100
TN.

Table 11. Resulting confusion matrix for the reality detection testing stage
Predicted

Positive Negative

R
ea

l Positive 500 0
Negative 0 100
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4.1. Discussion

In Table 12, we compared different works considering hardware, techniques involved
for facial recognition, and the performance results obtained.

For the hardware comparison, we show that the control interfaces of [15,26,41,51,60]
are based on different Raspberry Pi models. Some advantages of this device are its low
cost, its small size, which makes it easy to hide inside the room and its ease of use.
On the other hand, [35] and our proposal are based on Jetson Nano, which, unlike any
Raspberry Pi model, has an integrated GPU that accelerates the execution of algorithms.
However, it is larger in size and higher in cost. The devices used as power circuitry vary
in all cases but demonstrate a similarity of operation in power management. Hardware
costs vary in two price ranges, from $45 to $60, and from $225 to $250 USD. This is due
to the incorporation of a Neural Compute Stick 2 ( [41]) and the integrated GPU in the
Jetson Nano ( [35], ours), which provide additional support for image data processing and
improved response speed.

In [35,41,60] and our proposal, pre-trained One-Shot-Learning MobileNet and FaceNet
networks were used for face recognition. The main advantage of implementing this type of
network is saving training time that is usually required to properly input a neural network.
In addition, FaceNet was trained with more than 500 million images, while MobileNet
with 3 million. In the remaining cases, they trained their own models for facial identi-
fication, and being less dense, they require less computational power and generally less
execution time. While in the proposals [15,26,51], it is necessary to retrain the facial iden-
tification models each time a new user is required to register. This is because the models
need to learn to classify each of the classes created.

However, [26, 35, 60] exceed 96.00% in terms of successful recognitions. It is neces-
sary to remark that these proposals do not have an anti-spoofing stage, which is totally
inconvenient for face recognition tasks in security despite having a good response time
( [35]). [15] shows an effectiveness rate of 92.68%, but due to its anti-spoofing method, it
requires more than 10 seconds to open a door and an additional action (blink) by the user.
Our proposal is based on a CNN ResNet18 that makes image extractions corresponding
to parts of the skin and an rPPG algorithm that calculates the person’s heart rate by the
change of illumination on the skin caused by blood flow. This means that a printed or
digital image will not cause such illumination changes in the skin.

Most of the work tested in artificially lit areas, only [26] demonstrated an average
effectiveness of 97.5% in daylight conditions at four different times. [35] demonstrated
an effectiveness of 97.7% and a response time of 0.47 s, making it competitive for face
recognition tasks that require high response speed and do not require an anti-spoofing sys-
tem. The FAR demonstrated in [41] was 35.71%, which is not suitable for face recognition
systems. It means the system allowed access to 35 unauthorized people out of 100.

Our proposal demonstrated an average effectiveness of 91% and a response speed of
1.68s, which competes with the related work described above. The resulting average FRR
was 1.098%, corresponding to the 45 false-negative results, which denied access to users
registered in the system. In addition, a FAR of 0% represents non-existent false positives.
This shows that the system errors consist solely of false rejections. Of these, 95.12% of
the subjects succeeded in gaining access on at least one attempt. The system recognized
most of the users who were initially not recognized in their first attempt, after a small
adjustment of the face position with respect to the camera to reduce shadows, center the
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Table 12. Comparison of hardware, software, and performance of related work and the proposal
References

[41] [35] [26] [60] [15] [51] Proposed
H

ar
dw

ar
e Procesor

Raspberry + NCS2
$245

Jetson
Nano
$225

Raspberry Pi
$45

Raspberry
Pi 4
$61

Raspberry
Pi 3 B+

$50

Raspberry Pi
$45

Jetson Nano
$225

Power
circuit

Coil + Electro-
magnetic Lock

Reed
Switch

Relay +
Solenoid

Servo-
motor

Relay +
Solenoid

MOSFET +
Solneoid

Relay +
Electronic

Lock +
Power Source

So
ft

w
ar

e Recognition MobileNet FaceNet CNN
ResNet +
FaceNet

HOG +
SVM

LBPH HOG FaceNet

Liveness SSD - - -
Blink

detection
- -

ResNet18 +
rPPG

Pe
rf

or
m

an
ce

Recognition
tests

80 1260 120 230 - 200 200 500

Reality
tests

5 - - - - - - 600

Recognition
accuracy

88.75% 97.70%

Morning = 96.67%
Afternoon = 96.67%
Evening = 96.67%

Night = 100%
AVG = 97.5%

87.36% 92.68% 98.00% 96.00%
CE = 90.82%
UE = 92.00%

AVG = 91.00%

FRR 0% - 0% - - 4% 2%
CE = 1.083%
UE = 1.2%

AVG = 1.098%

FAR 35.71% -

Morning = 6.25%
Afternoon = 6.25%
Evening = 6.25%

Night = 0%
AVG = 4.76%

- - 0% 6% 0%

Reality
accuracy

100% - - - - - - 100%

Execution - 0.47 s - - 10.196 s - - 1.68 s

face in the image, among other aspects that could affect the recognition. But, we remark
that it does not grant access to unregistered users and does not confuse one user with
another. In this work, numerous tests on both aspects of user authentication (recognition
and reality) demonstrate that the system shows a balance of effectiveness, FAR, FRR, and
speed of response.

Table 13. Top selled Amazon facial recognition based door locks
Model Price (USD)

Necchuizo $365
We Technology $249

NGP $399

The Table 13 shows the top three best-selling commercial door locking devices with
facial recognition, according to Amazon.com in the US. They consist of electronic devices
that completely replace the door lock in question. In none of the cases are technical spec-
ifications of effectiveness, FAR, or FRR given. To operate, they require batteries every so
often. Being all-in-one devices, they are challenging to maintain in case any of the com-
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ponents fail. Likewise, they require mobile applications to control their user registration
and deletion operations, including WiFi connectivity.

Modulating the hardware provides high maintainability to the BLS because each de-
vice works individually and can be easily repaired or replaced. Also, this modulation
facilitates installation or change of location. On the other hand, there are similar commer-
cial locks on the market that achieve better aesthetics and smaller size, but because of this,
they increase the difficulty of maintenance and location changes. In addition, these locks
operate with disposable or rechargeable batteries, which is a disadvantage if replacement
is omitted in a timely manner. Finally, most commercial locks have a registration limit of
100 users, while FaceNet was trained with 10000 identities.

5. Conclusions

This paper presents a proposal for a biometric-lock system (BLS) that works as a
facial recognition lock. This system limits access to restricted areas by unlocking doors
to users previously registered as authorized persons.

We divide the development of this BLS into three main blocks. The first one refers to
the user and control interfaces, which are the devices used to interact with the user and
perform facial recognition tasks. The second block is composed of three devices, a relay
that controls the voltage flow, a power supply that generates the required voltage, and an
electronic lock that locks or unlocks the door opening. Finally, the third block describes
the development of the software for the registration and authentication of the users that
will interact with the system.

The biggest challenge during the development of the BLS was to produce facial recog-
nition software that is robust to photo and/or video attacks without the use of specialized
hardware and that is capable of running on embedded devices. Identifying real people
from non-real people is an extremely important feature as it represents a significant se-
curity aspect of facial recognition systems. Also, it is important to mention that there are
some works in the state of the art that achieve these objectives using different techniques
(blink detection, human detection). However, these techniques require actions by the user,
increasing their difficulty of use, and this causes a considerable increase in response time.
Because our proposal measures the heart rate at the same image of the user’s face, it
decreases user cooperation and response time.

Tests performed on the BLS show an effectiveness of 90.82% in artificial light and
92.00% in natural light. A T-Student test was performed to verify if there was a signif-
icant difference between the two lighting conditions. The results indicate the system’s
resilience to changes in illumination, showcasing no significant disparities. On average,
it achieved an effectiveness rate of 91.00% across all facial recognition trials, with the re-
maining 9% representing instances where user identification faltered. Notably, the system
exhibited a flawless False Acceptance Rate (FAR) of 0%, ensuring zero false positives or
user confusion. Furthermore, in a notable statistic, 78 out of 82 users (95.12%) success-
fully gained access after at least one of five attempts, demonstrating the system’s ability
to recognize users even if initial recognition fails by adjusting the facial positioning rel-
ative to the camera. Also, a 100% effectiveness rate was obtained in the anti-attack tests
on the system regarding the test carried out in the experiment. Finally, the average re-
sponse time obtained was 1.68 seconds. Nevertheless, an average FRR of 1.098% was
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obtained since some users presented occlusions in important face areas, such as the eyes
and mouth. These factors represent a future challenge to reduce the FRR and grant access
to registered users.

The results showed the competitiveness of the proposed BLS compared to the works
presented in the state of the art. However, it does not cover the security scenarios required
by maximum security buildings; banks, vaults, or prisons. In other words, the BLS has
the necessary effectiveness and speed to be implemented in medium security restricted ac-
cess locations such as offices, classrooms, houses, among others. The commercial devices
shown in Table 13 are generally put to the same use. Although these devices currently on
the market have significantly decreased in price, the modularization of our proposal could
considerably improve the cost-benefit of operating two or more locks with the same Jetson
Nano.

In future work, we will focus on improving the effectiveness of facial recognition
by implementing different image resolutions, modifying the thresholds for facial identi-
fication, or using other CNNs for image processing, such as MobileNet, VGGFace, and
DeepFace. Also, different actuators for door opening will be implemented to cover more
applications; magnetic locks, servo-motors, and pneumatic or hydraulic pistons, among
others. Finally, increase the number of doors operated by the same device to measure
operability.
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Abstract. Due to disparities in tolerance, resource availability, and acquisition of
labeled training data between satellite-terrestrial integrated networks (STINs) and
terrestrial networks, the application of traditional terrestrial network intrusion de-
tection techniques to satellite networks poses significant challenges. This paper
presents a satellite network intrusion detection system named Bi-LSTM sparse self-
encoder (BLSAE-SNIDS) to address this issue. Through the development of an in-
novative unsupervised training Bi-LSTM stacked self-encoder, BLSAE-SNIDS fa-
cilitates feature extraction from satellite network traffic, diminishes dimensionality,
considerably reduces training and testing durations, and enhances the attack pre-
diction accuracy of the classifier. To assess the efficacy of the proposed model, we
conduct comprehensive experiments utilizing STIN and UNSW-NB15 datasets. The
results obtained from the STIN dataset demonstrate that BLSAE-SNIDS achieves
99.99% accuracy with reduced computational and transmission overheads along-
side enhanced flexibility. Furthermore, results from the UNSW-NB15 dataset ex-
hibit BLSAE-SNIDS’ proficiency in detecting various network intrusion attacks
efficiently. These findings indicate that BLSAE-SNIDS suits general satellite secu-
rity networks and offers a novel approach to designing security systems for polar
satellite networks, thus exhibiting practical utility.

Keywords: Satellite-terrestrial integrated networks, LSTM, Automatic encoder, Un-
supervised learning, Network security, Deep learning.

1. Introduction

As a significant augmentation to terrestrial networks, satellites extend the coverage of
such networks, facilitating convenient access for remote users. Consequently, the prevail-
⋆ Corresponding Author
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ing concept in sixth-generation mobile communications (6G) is to amalgamate satellite
networks with terrestrial networks to construct an STIN system to achieve seamless global
coverage. Nevertheless, STIN presents inherent security vulnerabilities, primarily due to
satellite node exposure and the utilization of long-distance communication links spanning
distances between 150 and 35,800 km [1]. These factors make the system susceptible to
cyber-attacks, engendering substantial security risks [2, 3]. As 6G technology continues
to advance, the security of STIN has emerged as a paramount concern in recent years.

Due to their extensive coverage, high capacity, and long-distance transmission ca-
pabilities, satellite communication networks find widespread applications in navigation,
spaceflight, radio and television broadcasting, disaster rescue, and relief. Particularly in
remote areas characterized by limited services and dispersed populations, satellite com-
munication emerges as the optimal choice due to its independence from substantial ground
infrastructure investments.

The Arctic shipping lanes, pivotal for maritime navigation, pose challenges in relying
on ship-to-shore communications for navigation and hazard warnings. These challenges
arise from inadequate data on the navigational environment in the Arctic, a lag in com-
munications infrastructure, and a dearth of navigational aids such as beacons, lighthouses,
and coastal radio services. Consequently, due to limited experience in Arctic navigation,
ships operating in the region are exposed to elevated safety risks. To foster endeavors such
as environmental conservation, resource utilization, and commercial transportation in the
Arctic, it is imperative to conduct thorough research on communication and navigation
support systems tailored for Arctic shipping lanes, aiming to enhance safety during polar
navigation. Introducing the message service of a satellite navigation system presents a
novel approach to information transmission in the Arctic region.

However, as the network scale expands, the vulnerability of satellite communication
transmission links to intrusion grows. Regrettably, a substantial disparity exists between
satellite and terrestrial networks concerning computing power, bandwidth, and other re-
sources. Furthermore, upgrading satellite hardware post-launch poses significant chal-
lenges. Hence, it is necessary to devise effective Star-Terrestrial Network Intrusion De-
tection Systems (SAT-IDS) to afford robust protection for STIN.

The primary objective of a Network Intrusion Detection System (NIDS) is the detec-
tion of harmful intrusions, typically employed to monitor network traffic, distinguishing
between normal and malicious activity to effectively mitigate the latter. Designing NIDSs
for satellite networks necessitates consideration of the limited computational power of
each satellite node, alongside stringent security and privacy requirements during trans-
mission, thereby emphasizing the importance of resource utilization efficiency [4–6].

Numerous design approaches for NIDSs have been proposed, often leveraging ma-
chine learning algorithms to discern traffic patterns [7,8]. Evaluating NIDS efficacy hinges
on its ability to accurately detect attacks, demanding comprehensive datasets encompass-
ing both normal and abnormal behaviors. However, applying such datasets from terrestrial
networks directly to satellite communications presents challenges owing to the unique
characteristics of satellite networks.

1. Satellite and terrestrial networks exhibit differing susceptibilities to various attack
types. While terrestrial networks may grapple with challenges such as Backdoor and
Botnets, exacerbated by the computational prowess and openness of terrestrial net-
work nodes [9–11] , satellite nodes with constrained resources face concerns over
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malicious distributed denial of service (DDoS) attacks, such as Synchronized Se-
quence Number (Syn) flooding. Accordingly, formulating secure datasets for distinct
satellite network domains warrants meticulous consideration.

2. Furthermore, the limited resources and computational capabilities inherent in satellite
networks pose additional challenges, as satellite nodes, when targeted, can swiftly
succumb to attacks, making recovery arduous.

3. Extracting pertinent feature selections from satellite network traffic is inherently chal-
lenging. The intricacies of satellite networks, coupled with the costliness of commu-
nication links, render the acquisition of large training datasets prohibitive.

Addressing the challenges inherent in existing satellite network intrusion detection
methods, this paper presents a novel approach termed Bi-LSTM sparse autoencoder-based
Satellite Network Intrusion Detection System (BLSAE-SNIDS). The system leverages
autoencoders for feature learning on unlabeled data, thereby generating new feature rep-
resentations in an unsupervised manner. These features are inputted into a classifier fol-
lowing a pre-training phase to enhance intrusion detection capability and classification
accuracy. The contributions of this study are outlined as follows:

1. Given the intricacies of satellite networks, obtaining ample labeled data for learning
purposes proves exceedingly difficult and costly. Consequently, we propose BLSAE-
SNIDS, which employs an overarching architecture based on Bi-LSTM sparse au-
toencoders capable of extracting implicit knowledge from unlabeled data and learning
unsupervised representations. This approach enables superior classification outcomes
with a limited number of labels.

2. Utilizing the Bi-LSTM sparse autoencoder effectively reduces the dimensionality
of input vectors in the classification task. This operation can be performed within
the network nodes of the satellite network, substantially curbing the volume of traf-
fic transmitted to the satellite network’s control center. Moreover, the computational
nodes need not be equipped with high-performance hardware to swiftly detect known
and unknown intrusion traffic. This outcome holds significant value, considering the
precious resources of satellite network links.

3. The robustness of the Intrusion Detection System (IDS) is evaluated using a real
STIN dataset. Extensive experimentation on the STIN dataset demonstrates that the
proposed model adeptly detects various satellite network attacks.

2. Related Work

The expansion of satellite networks has brought about considerable security challenges,
prompting the development of security technologies, notably Network Intrusion Detection
Systems (NIDS). Numerous studies have employed diverse machine learning techniques
to construct effective NIDS for detecting attacks in satellite and terrestrial networks. Di et
al. [12] proposed a defense architecture against Distributed Denial of Service (DDoS) at-
tacks in satellite networks, combining distributed multipoint detection, proximity source
defense, collaborative management, and protection integrity. Additionally, Li et al. [9] de-
vised security datasets for STIN satellite and terrestrial networks, presenting a distributed
NIDS employing federated learning (FL) in STIN. This system allocates resources effec-
tively across domains to analyze and block malicious traffic, particularly DDoS attacks.
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Ashraf et al. [13] introduced a novel intrusion detection approach, merging Random For-
est (RF) and Multi-Layer Perceptron (MLP) using data from satellite and terrestrial net-
works. This method enhances intrusion detection accuracy compared to other models, val-
idated through experiments on NSL-KDD, KDD-CUP 99, and STIN datasets. For DDoS
attacks in Flying Self-Organizing Networks (FANET), Zhang et al. [14] investigated the
operational features of satellite nodes, establishing security domains based on login and
logout mechanisms. They proposed a hierarchical distributed satellite network intrusion
detection model and a collaborative mechanism for intrusion detection agents inside and
outside the satellite. Guo et al. [15] introduced a blockchain-based Distributed Collabo-
rative Entrance Defense (DCED) framework to shield the satellite network from DDoS
attacks. This system records and aggregates network traffic characteristics at the satellite
network’s entrance, bolstering its defense capabilities. Azar et al. [16] proposed a hybrid
intrusion detection system for Satellite Terrestrial communication systems (STIN) and ter-
restrial networks (UNSW-NB15). They employed a Random Forest (RF) based Sequential
Forward Feature Selection (SFS) method to select critical features from the dataset. Ex-
perimental results demonstrate a notable enhancement in detection accuracy and compu-
tational efficiency. The SFS-RF model, employing 10 selected features, achieved 90.5%
accuracy on the STIN dataset and 78.52% on the UNSW-NB15 dataset. The RF-SFS-
GRU model excelled in deep learning, attaining 87% and 79% accuracy on the respective
datasets.

The Satellite Intrusion Detection System (SAT-IDS) uses machine learning to dif-
ferentiate between normal and abnormal network traffic. Various machine learning ap-
proaches have been explored in SAT-IDS development, aiming to conduct feature se-
lection tasks to extract pertinent features from satellite network traffic datasets, thereby
enhancing classification outcomes. Nonetheless, acquiring extensive labeled training sets
poses a significant challenge due to the intricate nature of satellite networks and the costly
communication links involved. Consequently, self-supervised learning and unsupervised
feature learning have emerged as viable alternatives. In these methodologies, the algo-
rithm initially learns a robust feature representation from vast amounts of unlabeled data.
Later, when addressing a specific classification task, this learned feature representation
can be applied to labeled data to solve the classification problem through supervised learn-
ing. Unlike supervised learning, unsupervised learning does not necessitate assuming that
the unlabeled data shares the same distribution as the labeled data, rendering the model
more adaptable. Zhu et al. [17] proposes a flexible and innovative framework for satellite
network intrusion detection systems, leveraging deep learning techniques. Here, a sparse
autoencoder serves as a network feature extractor. However, it is noteworthy that the re-
search is confined to system design and has not been executed practically.

Therefore, this paper proposes a Satellite Network Intrusion Detection System (BLSAE-
SNIDS) based on a Bi-LSTM sparse self-encoder. The approach leverages unlabeled data
to train the Bi-LSTM sparse self-encoder for feature extraction from satellite network
traffic while reducing dimensionality. By reusing the self- encoder’s encoder part and
integrating it with a classifier for data classification, the model’s parameters and train-
ing time can be significantly reduced while enhancing its generalization capacity. The
method acquires implicit knowledge from unlabeled data through unsupervised learning,
facilitating superior classification outcomes even with limited labeled data. This effec-
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tively differentiates between normal and abnormal traffic for satellite network intrusion
detection.

3. Methods

3.1. Model Overview

This paper introduces a satellite network intrusion detection method based on a Bi-LSTM
sparse autoencoder, as depicted in Fig. 1. The proposed method employs unlabeled data
to train the Bi-LSTM sparse autoencoder, leveraging the temporal characteristics of satel-
lite network traffic data. Feature extraction and dimensionality reduction are achieved
through the encoder section of the Bi-LSTM sparse autoencoder, followed by reconstruc-
tion via the decoder section. Subsequently, the output of the trained encoder undergoes
classification, mapping to distinct classes through a classifier. This approach effectively
learns essential features from input data, reducing model parameters and training time
by reusing the autoencoder’s encoder segment. Consequently, the method demonstrates
proficiency in distinguishing between normal and abnormal traffic for satellite network
intrusion detection.

Fig. 1. BLSAE-SNIDS structure diagram
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The Bi-LSTM encoder comprises two bidirectional LSTM layers with 64 and 32
hidden units, respectively. It takes a series of high-dimensional input data, efficiently
preserves dependencies between multiple data points in the time series, and produces
a fixed-size vector. This process reduces the high-dimensional input vector representation
to a lower dimension. In our model, the Bi-LSTM encoder consists of two layers: the first
with 64 LSTM units and the second with 32 LSTM units. This is succeeded by a Lambda
layer with ’n’ units and a dense layer with ’n’ units, where ’n’ represents the number of
categories. The Lambda layer maps the encoder output to one of the ’n’ categories through
a predefined mapping.

The Bi-LSTM decoder generates a fixed-size input sequence using a simplified repre-
sentation of the input data in the hidden space. During reconstruction, the decoder mini-
mizes the difference, i.e., the reconstruction error, between the original and reconstructed
data. The input to the decoder is the dimensionality-reduced output of the encoder. The
decoder unfolds the encoding by stacking it in the reverse order of the encoder. It con-
sists of multiple repetition vector layers replicating the encoder output 16 times, followed
by two bidirectional LSTM layers with 32 and 64 hidden units, respectively, and a time-
distributed dense layer with 1 hidden unit. The final decoder output is a reconstruction of
the encoder input.

The class dictionary (Class dict) matrix records the activation count of each neuron in
the encoder for each class label. By selecting the neuron with the highest count for each
class in the class dictionary, we determine the relevant class for each encoded sample.

3.2. Bi-LSTM stacked autoencoder

Bi-LSTM LSTM, a temporal recurrent neural network, is adept at processing and predict-
ing significant events with long intervals and time series data delays. Bi-LSTM, linking
two hidden layers operating in both input-to-output directions, is proposed for classifying
satellite network traffic. Its structure enables efficient utilization of future and past fea-
tures within specific time ranges during training, thereby enhancing prediction accuracy.
The Bi-LSTM layer effectively handles time series problems and improves prediction
accuracy. Additionally, the auto-encoder (AE) layer in our proposed structure learns fea-
tures from data and reduces data dimensionality, complemented by the Bi-LSTM layer
to further enhance prediction accuracy [18, 19]. LSTM networks excel in characteriz-
ing time series data. Unidirectional LSTM methods may yield errors by relying solely
on forward memory processing, potentially failing to capture contextual information. The
LSTM layer consists of a series of LSTM units that only process input data in the forward
direction. In contrast, Bi-LSTM includes additional LSTM layers processing data in re-
verse, as illustrated in Fig. 2. Training a Bi-LSTM network is akin to concurrently training
two independent unidirectional LSTM networks. One network is trained on the original
input sequence, while the other is trained on a reversed copy. This approach furnishes
the network with more contextual information, fostering faster and more comprehensive
problem learning.

The BiLSTM method extends traditional LSTM by incorporating sequence informa-
tion in forward (past to future) and backward (future to past) directions, enhancing se-
quence classification performance. BiLSTM networks have emerged as superior solutions
for capturing interactions between contexts. Training BiLSTM networks involves simul-
taneously training two unidirectional LSTM networks on the input sequence. One LSTM
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Fig. 2. Expanded view of Bi-LSTM

network processes the input sequence, while the other operates on a reverse copy of the
input sequence. This approach provides the network with additional background informa-
tion, facilitating faster and more comprehensive problem learning.

As depicted in Fig. 2, the LSTM unit comprises forgetting gates, input gates, and
output gates to facilitate effective short-term and long-term memorization. Specifically,
BiLSTM memory blocks are trained in two directions: one LSTM proceeds from past to
future. At the same time, the other progresses from future to past, ensuring that each time
step incorporates both past and future data. Each layer computes the respective function
for each element in the input sequence. The variables associated with LSTM units are
represented accordingly.

it = σ (Wiixt + bii +Whih(t− 1) + bhi)
ft = σ (Wifxt + bif +Whfh(t− 1) + bhf )
gt = tanh (Wigxt + big +Whgh(t− 1) + bhg)
ot = σ (Wioxt + bioWhph(t− 1) + bho)
ct = ft ∗ c(t− 1) + it ∗ gt
ht = ot

∗ tanh (ct)

(1)

where(Wii,Wif ,Wig,Wio) is the input weights, (Whi,Whf ,Whg,Who) is the cyclic
weights, (bhi, bhf , bhg, bho) is the cyclic bias, ht denotes the hidden state at moment t, ct
denotes the cell state at moment t, xt denotes the input at moment t, h (t− 1) denotes the
hidden state of the layer at moment (t-1) or the initial hidden state at moment 0, and it , ft
, gt , ot denote the input gates, forgetting gates, cell gates and outputs, respectively. gates.
is the sigmoid function and ’∗’ is the Hadamard product.

Automatic encoder The autoencoder is a neural network architecture employed in un-
supervised learning, data compression, downscaling, and data generation. It compresses
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input data to obtain a concise representation (encoding) and then reconstructs the original
data with minimal information loss (decoding). Typically, a standard autoencoder com-
prises an input layer, an output layer, and multiple hidden layers. Fig. 3 illustrates a basic
autoencoder model, which can be elucidated by assessing the reconstruction error (loss)
between the encoder, decoder, input, and output data [20–22].

Fig. 3. A simple autoencoder structure

Encoding: The encoding operation maps the input data x, i.e., the high-dimensional
vector x ∈ Rm, to a low-dimensional bottleneck layer representation (h). This is given
by the following equation, where wi is the weight matrix, bi is the bias, and f1 is the
activation function.

h = f1 (wix+ bi) (2)

Decoding: Eq. (3) illustrates how the decoding operation uses the bottleneck layer
representation (h) to produce the output of the attempted reconstruction x. Where f is
the activation function of the decoder, w is the weight matrix, b denotes the bias, and x
denotes the reconstructed input sample.

x̂ = f2 (wjh+ bj) (3)

Reconstruction Loss: as shown in Eq. (4), a reconstruction loss (L) is computed in a
typical self-encoder model to minimize the difference between the output and the input.
Here, x denotes the input data, x̂ denotes the output/predicted data, and n is the number
of samples in the training dataset [22].
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min
w,b

L (x− x̂) ;where L (x− x̂) =
1

n

n∑
n=1

|x̂t − xt| (4)

Sparse Autoencoder A sparse autoencoder is a variant of the traditional autoencoder
that includes a sparsity constraint on the hidden units, ensuring that only a small number
of neurons are active at any given time. This constraint is typically enforced by adding a
penalty term to the loss function. The sparsity constraint helps the autoencoder to learn
more robust and useful features by focusing on the most significant aspects of the data.
This characteristic is particularly advantageous for satellite network traffic, where cap-
turing essential features and reducing dimensionality are crucial for efficient and accu-
rate intrusion detection. The sparse autoencoder’s structure consists of an encoder, which
compresses the input data into a lower-dimensional representation, and a decoder, which
reconstructs the original data from this representation. By doing so, the autoencoder can
effectively capture the most critical features of the data, improving the performance and
generalizability of the intrusion detection system.

Bi-LSTM Stack autoencoder In satellite network intrusion detection, we formulated a
model that integrates Bi-LSTM and autoencoder components, as depicted in Fig. 4 The
training effect of satellite network traffic using ordinary autoencoders is general. This
method treats each traffic instance as an independent input, neglecting the temporal char-
acteristics inherent in satellite network traffic and resulting in elevated training losses.

3.3. Proposed SAT-IDS

Drawing inspiration from machine learning and deep learning methodologies, we intro-
duce two hybrid intrusion detection system (IDS) techniques. The initial approach in-
tegrates a Bi-LSTM sparse encoder with a class dictionary termed BLSAE-SNIDS-CD.
The second technique combines a Bi-LSTM sparse encoder with a deep neural network
(DNN), denoted as BLSAE-SNIDS-DNN.

BLSAE-SNIDS-CD We utilize a trained Bi-LSTM Decoder to encode the network traffic
data. Initially, a Class dict matrix of size Num class × Num class, where Num class
represents the number of classes, is initialized. This matrix records the activation fre-
quency of each neuron in the encoder for every class label. Iterating over the training
labels, we update the Class dict matrix based on the following guidelines: for each im-
age, we identify the index of the largest value in its feature mapping (representing the
most active neuron in the encoder) and increment the value in the corresponding row and
column of the Class dict matrix by 1. This results in an output of the Class dict matrix,
which illustrates the activation frequency of each encoder neuron in distinguishing be-
tween different classes. Ideally, each neuron should activate exclusively for one class and
not others.

To initialize a vector named Neuron class, we map each neuron in the encoder to a
class label. We iterate through the rows of the Class dict matrix and assign each neuron
to the class with the highest value in that row. Subsequently, we output the Neuron class
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Fig. 4. Structure of Bi-LSTM autoencoder
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vector, which indicates the class each neuron represents in the encoder. Then, we iterate
over the predicted vector and replace each index with the corresponding class label from
the neuron class vector. Next, we compare the predicted vectors to the true labels of the
test images. This comparison yields a Boolean vector indicating the correctness of each
prediction.

The model can significantly influence satellite network traffic analysis, particularly in
scenarios featuring a substantial volume of unlabeled data and a limited amount of labeled
data. Notably, the model does not presuppose that the unlabeled data must align with the
distribution of the labeled data.

BLSAE-SNIDS-DNN The structure of BLSAE-SNIDS-DNN, illustrated in Fig. 5, em-
ploys the same unlabeled data as BLSAE-SNIDS-CD for training the autoencoder. This
enables the model to learn the intrinsic features of the input data and minimize the Mean
Square Error (MSE) between the input and output. During training, BLSAE-SNIDS-DNN
utilizes the encoder section for feature extraction on labeled data and then constructs a
fully connected layer atop it as a classifier. Training the classifier with labeled data fa-
cilitates the prediction of the input data class based on the feature vector and minimizes
the cross-entropy loss (CE). Subsequently, the encoder portion is employed for feature
extraction on test data, and the classifier is utilized to predict its category. Leveraging
the encoder’s pre-trained weights from unsupervised training significantly enhances the
model’s accuracy.

3.4. Data Collection and Preprocessing

STIN data set This study employs the dataset provided by [9] to represent the satellite
dataset for evaluating our model. The STIN security dataset encompasses various attack
types observed in both satellite and terrestrial networks, comprising two satellite attack
types and nine terrestrial attack types. The construction of the STIN dataset incorporates
flow-based features. The distribution of the STIN satellite dataset is illustrated in Fig. 6.

This section outlines the following data preprocessing steps:
1) Feature selection: Feature selection is imperative to accommodate the limited re-

sources of satellite nodes and minimize training and testing costs, optimizing resource
utilization and reducing expenses. Initially, irrelevant features pertaining to the dataset’s
environmental and temporal aspects, such as quintuple, are discarded. Subsequently, fea-
tures with missing values or that are entirely composed of zeros are eliminated. Further
refinement is achieved through Pearson coefficient analysis and variance selection. Pear-
son’s coefficient assesses the correlation between feature columns, leading to the removal
of strongly correlated columns and subsequent reduction of the feature space. Variance
selection filters each feature column’s variance value, eliminating dimensions with low
variance. Table 1 demonstrates the retention of the top 16 flow-level features crucial for
intrusion detection, encompassing various benign and malicious traffic types simulated in
the prototype.

2) Normalization: Normalization ensures uniformity in the range of values across each
feature. Utilizing ”MinMax” normalization, the range of feature values is scaled to fall
between 0 and 1. The difference between the minimum value of the vector and the scale
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Fig. 5. Structure of supervised polar satellite intrusion detection system

Fig. 6. Distribution of STIN satellite data sets
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Table 1. Selected 16 features

Feature Description

fl dur Flow duration
fw pk Total packets in the forward direction
l fw pkt Total length of forward packets
l bw pkt Total length of backward packets
pkt len min Minimum length of a fow
pkt len max Maximum length of a flow
pkt len std Standard deviation length of a flow
fl byt s Packet bytes transmitted per second
fl iat min Minimum time between two backward packets,
bw iat tot Total time between of two backward packets
bw iat min Minimum time between of two backward packets
fw hdr len Number of bytes used in forward packet header
bw pkt s Number of backward packets per second
urg cnt Number of packets with URG
down up ratio Ratio of forward and backward packet counts
bw win byt Number of backward bytes in the initial window

size determines the new value. The normalization equation is as follows:

x̄i =
xi −min (xi)

max (xi)−min (xi)
(5)

Here, xi represents the normalized value, xi denotes the i th feature vector, min (xi)
returns the minimum value of the vector, and max (xi) returns the maximum value of the
vector.

UNSW-NB15 dataset This section discusses the following data preprocessing steps.
The UNSW-NB15 dataset specializes in terrestrial traffic representation. This dataset

is pivotal in safeguarding against unknown attacks, evaluating performance, and ensur-
ing generalizability for machine learning-based intrusion detection systems. However,
the NSL-KDD and KDDCup99 datasets have faced criticism due to their outdated attack
types, imbalanced training and test set distributions, and lack of support for certain com-
mon network protocols, rendering them incompatible with contemporary cybersecurity
requirements [23, 24].

To address the limitations of KDDCup/NSL-KDD, Moustaf and Slay [25] developed
a more sophisticated intrusion detection dataset called UNSW-NB15, designed to re-
flect modern attacks and protocols. UNSW-NB15 is an example of an intrusion detection
dataset crafted by researchers at the Australian Center for Cybersecurity (ACCS) using
the IXIA tool, extracted from 100 GB of normal and modern datasets from attack traf-
fic. The full UNSW-NB15 dataset comprises 2.5 million data records, encompassing one
normal category and nine attack categories - Analytsis, Backdoor, DoS, Exploit, Fuzzers,
Generic, Reconnaissance, Shellcode, and Worms - with the raw data featuring 49 features.

The dataset creator also provided a partitioned dataset comprising 10% of the records,
including a training set (175,341 records) and a test set (82,332 records), as depicted in
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Fig. 7. The statistical distributions of the training and test set samples have been validated
to be highly correlated, indicating the reliability of the machine learning model partition-
ing. Additionally, a few categories, such as Analytics, Backdoor, Shellcode, and Worms,
comprise less than 2% of the dataset. In this 10% subset, some redundant features were
eliminated, reducing the number of features to 42. In our study, we utilized this 10%
dataset subset for categorization.

Fig. 7. Distribution of UNSW-NB15 data sets

This section outlines the following preprocessing steps:
1) Data cleaning: The provided UNSW-NB15 training and test sets initially contain

44 features. However, only 42 features are deemed meaningful, while the remaining two
features serve as class labels for attacks. ”attack cat” represents a multi-class label, while
”label” serves as a binary class label. Therefore, irrelevant labels are eliminated based on
the model’s task. Additionally, 67,601 rows in the dataset containing null and duplicate
values are cleaned.

2) One-hot encoding: The dataset includes three categorical features: ”service,” ”proto,”
and ”state.” These features transform using one-hot encoding, a technique that converts
each feature value into a binary feature.

3) Normalization: Normalization ensures uniformity in the range of values for each
feature. ”MinMax” normalization is employed to scale the feature values between 0 and
1, as demonstrated in equation (5). The difference between the minimum value of the
equation and the scale size determines the new value.
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4) Feature selection: A comprehensive feature selection approach combining infor-
mation gain and random forest importance is implemented to identify significant features.
Ultimately, 42 optimal flow-level features are retained, which is crucial for intrusion de-
tection and delineating diverse types of benign and malicious traffic simulated in the pro-
totype.

4. Results and Discussion

The proposed BLSAE-SNIDS-CD and BLSAE-SNIDS-DNN are tested on STIN and
UNSW-NB15 datasets, with STIN as the satellite dataset and UNSW-NB15 as the ground
dataset, to provide high security for the satellite-ground network. The experimental envi-
ronment is shown in Table 2.

Table 2. Experimental environment

Equipment

CPU Intel(R) Xeon(R) Silver 4116 CPU@2.10GHz
GPU Quadro P4000
RAM 64GB
OS Ubuntu 16.04
Python 3.8.3
Database STINUNSW-NB15

4.1. Evaluation Metrics

We utilize standard performance metrics to assess the efficacy of our proposed model on
the STIN dataset, including accuracy, precision, recall, and F1 score. They are calculated
using the following equations:

Accuracy =
TP + TN

TP + FP + TN + FN
(6)

Precision =
TP

TP + FP
(7)

Recall =
TP

TP + FN
(8)

F1 Score = 2× Precision× Recall
Precision+ Recall

(9)

The performance metrics are defined as follows: True Positive (TP) represents the
count of accurately recognized abnormalities. True Negative (TN) represents the count
of correctly recognized normal events. False Positive (FP) represents the count of normal
events incorrectly diagnosed as abnormal. False Negative (FN) represents the count of
abnormal events incorrectly recognized as normal.
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4.2. Result Discussion

To illustrate the effectiveness of the proposed SAT-IDS, we conducted tests on two datasets:
UNSW-NB15 and STIN. The confusion matrix of BLSAE-SNIDS-CD on the STIN test
set is depicted in Fig. 8.

Fig. 8. Confusion matrix of BLSAE-SNIDS-CD on STIN dataset

The confusion matrix of BLSAE-SNIDS-DNN on the test set is displayed in Fig. 9.
Notably, the model misclassifies only 1 test case per category, indicating a classification
accuracy close to 100%.

The model undergoes training with 50 epochs and a batch size of 256. Subsequently,
the learning curve depicting the loss of the training dataset is presented in Fig. 10.

We compare BLSAE-SNIDS-CD and BLSAE-SNIDS-DNN with representative SAT-
IDS models. Fig. 11 illustrates the accuracy comparison among all models. It is evident
that both BLSAE-SNIDS-CD and BLSAE-SNIDS-DNN exhibit higher accuracy than
most of the models, demonstrating strong performance across the board.

The performance comparison of all models using the STIN dataset in terms of accu-
racy, precision, recall and F1 score is shown in Table 3. The results show that BLSAE-
SNIDS-DNN using bi-directional LSTM stacked autoencoder coded features achieved
the best performance in all evaluation metrics with 99.99% in each metric.

Table 4 presents the performance of all models utilizing the STIN dataset. Notably,
BLSAE-SNIDS-DNN demonstrates superior performance compared to other models, achiev-
ing a remarkable accuracy of 99.99% for both attack types. Its performance surpasses that
of CNN, SVM, and RF-SFS-GRU by a significant margin.

The STIN security dataset contains different types of attacks from terrestrial and satel-
lite networks. In the literature, researchers have proposed different techniques that are usu-
ally applied to terrestrial networks but not applicable to satellite networks due to different
reasons such as limited resources, different tolerance to attacks, limited computational
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Fig. 9. Confusion matrix of BLSAE-SNIDS-DNN on STIN dataset

Fig. 10. Learning curves for loss of BLSAE-SNIDS-CD

power, and scarcity of satellite network datasets. The model performance comparison
on the UNSW-NB15 dataset is shown in Table 5 and Fig. 12. The results show that the
proposed BLSAE-SNIDS-DNN still performs better and outperforms the other models
despite the fact that the performance of the other models decreases when used with the
STIN dataset. The accuracy score of BLSAE-SNIDS-DNN on the UNSW-NB15 dataset
is 90.83%. The model’s best performance on these intrusion detection datasets shows the
superiority, reliability, and ability to generalize well in the proposed model.
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Fig. 11. Accuracy comparison diagram

Table 3. Model performance comparison on STIN satellite dataset

Ref. Model Accuracy(%) Precision(%) Recall(%) F1 Score(%)

CNN 75.39 82.98 75.4 74.28
SVM 84.24 83.35 85.62 84.48

[16] RF-SFS-GRU 87 87 86 86
[13] RFMLP 96.24 94.28 98.67 96.47
Proposed BLSAE-SNIDS-CD 99.93 99.99 99.99 99.9
Proposed BLSAE-SNIDS-DNN 99.99 100 100 100

Table 4. Accuracy of classifiers on STIN satellite dataset

Attack Type CNN SVM RF-SFS-GRU RFMLP BLSAE-SNIDS-CD BLSAE-SNIDS-DNN

Syn DDos 66.3 86.18 93.36 100 99.85 99.99
UDP DDos 98.4 83.37 94.49 93.18 100 99.99

Table 5. Model performance comparison on UNSW-NB15 dataset

model Testing acc. (%) Precision (%) Recall (%) F1-Score (%)

LSTM 63.61 69.16 61.61 65.17
ANN 63.61 69.16 61.61 65.17
RF-SFS-GRU 87 87 86 86
SFS-RF 90.5 91.19 90.41 90
BLSAE-SNIDS-DNN 90.83 91.21 90.85 90.4
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Fig. 12. Performance comparison of all models on UNSW-NB15 dataset

5. Conclusion

This study proposes a satellite network intrusion detection system (BLSAE-SNIDS) based
on a Bi-LSTM sparse autoencoder, applied to both the STIN satellite dataset and the
modern IDS dataset UNSW-NB15. BLSAE-SNIDS leverages unlabeled dat a to train the
Bi-LSTM sparse autoencoder, enabling unsupervised representation learning that reduces
dimensionality, parameters, and training time of classifiers. This enhances the model’s
generalization ability, making it suitable for satellite networks. Comparative analysis with
state-of-the-art models demonstrates its superiority. Experimental results indicate that the
proposed system achieves higher accuracy than other models on both datasets. However,
this study is limited by dataset availability and is confined to the STIN dataset. Future
research will aim to construct new datasets encompassing diverse satellite attack types
and normal traffic to assess the efficacy of the proposed model.
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Abstract. Sentiment analysis is the task of computationally identifying and quan-
tifying the emotions and opinions expressed in text. However, existing sentiment
analysis tools, while increasingly sophisticated, face challenges when applied to
complex and personal domains such as love letters. This study investigates the
performance and accuracy of four popular Python libraries for sentiment analysis
(TextBlob, Vader, Flair, and Hugging Face Transformer) in determining the polarity
and intensity of sentiments in love letters. A corpus of 300 love letters was collected
and randomly sampled to provide 500 sentences for analysis. Due to the lack of
labelled data, human experts participated in evaluating the quality and accuracy of
the sentiment annotations.Inter-rater agreements were computed among four judges
across randomly sampled sentence lots in two distinct blind rounds. The results re-
veal varying degrees of effectiveness and agreement among sentiment analysis tools
(TextBlob, Vader, Flair, and Hugging Face) and human judges, with Cohen’s Kappa
values showing low to moderate agreement (ranging from 0.09 to 0.77), and each
tool demonstrating unique strengths—Vader excelling in sentiment intensity and
Flair with Hugging Face better at contextual nuances—in handling the emotional
complexity of the texts. The study also highlights limitations and proposes some
custom metrics for evaluating sentiment analysis tools in the context of love letters,
such as tenderness index, passion quotient, nostalgia score, and others. The findings
contribute to the emerging field of sentiment analysis and provide insights for devel-
oping natural language models better suited for personal and emotionally charged
domains.
Keywords: Sentiment Analysis, Polarity Analysis, Natural Language Processing.

1. Introduction

Opinion mining, or sentiment analysis, is the process of computationally analysing text
to identify the dominant feelings that are conveyed. Sentiment analysis in writing is ex-

⋆ Corresponding Author
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tremely important for a variety of applications, from social media interactions and con-
sumer reviews to literary analysis and interpersonal communication [9, 16, 22, 23, 29, 30].
In 2002, the first publication on sentiment analysis using computer-based methods was
published. It was based on product reviews, which it used an unsupervised Pointwise Mu-
tual Information - Information Retrieval algorithm to categorize as thumb up or down for
positive and negative sentiment. [26].In the process of automating sentiment analysis, re-
searchers and practitioners have created and utilized a number of algorithms, each with
specific advantages and disadvantages [18] [17]. Social networking sites have become es-
sential resources for exchanging feelings with people all over the world as a result of the
Internet’s explosive growth. Many people use text, photos, music, and video to express
their ideas or perspectives. However, text communication through network media on the
web might be a little overwhelming. Every second, social networking websites produce a
significant amount of unstructured data on the Internet. To comprehend human behavior,
data analysis must begin as soon as it is generated. Sentiment analysis can assist with this
by identifying polarity in messages [20] [10].

The study begins with a thorough overview of related literature, outlining the present
state of sentiment analysis algorithms as we proceed on our comparison journey. The
technique is then covered in detail, including the dataset that was used, the evaluation
measures that were used, and the particular setups for each algorithm. The next sections
provide a thorough examination of each algorithm, contrasting its advantages and disad-
vantages in relation to sentiment analysis. Lastly, we present conclusions based on our
research, providing information about the algorithmic decisions that best satisfy the re-
quirements of sentiment analysis in highly emotive material. By conducting this research,
we hope to add significant knowledge to the emerging field of sentiment analysis and
assist practitioners in choosing algorithms that are appropriate for their particular use
cases [28] [19].

Existing sentiment analysis tools, while increasingly sophisticated, face challenges
when applied to complex and personal domains such as love letters. This study investi-
gates the responses and accuracy of four popular tools (TextBlob, Vader, Flair, and Hug-
ging Face Transformer) in determining the sentiment of love letters, specifically focusing
on sentences.

– Accuracy of Sentiment Categorisation: Can these tools effectively categorise love
letter sentences into neutral, positive, negative, and compound sentiment categories
with high accuracy?

– Human-based Evaluation: In the absence of readily available labeled data, how does
the sentiment analysis of these tools compare to the judgments of human experts on
love letter language?

– Tool Strengths and Limitations: What are the specific strengths and limitations of
each tool when analyzing the emotional complexity of love letters?

– Applicability and Model Development: Can the insights gained from this study be
used to guide the development of natural language models better suited for sentiment
analysis in personal texts like love letters?

By addressing these questions, this study aims to establish the suitability of existing sen-
timent analysis tools for personal and emotionally charged domains, paving the way for
more accurate natural language models in the future [31, 32].
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The study makes contributions to the field of sentiment analysis by rigorously evaluat-
ing the performance of four prominent sentiment analysis tools—TextBlob, Vader, Flair,
and Hugging Face Transformer—specifically within the context of love letters, a com-
plex and emotionally charged type of text. It introduces novel metrics such as the tender-
ness index, passion quotient, and nostalgia score, which are designed to measure subtle
emotional nuances more effectively. The findings highlight each tool’s strengths and lim-
itations, revealing a varying degree of accuracy and the ability to handle the intricate
emotional content of personal correspondence. These insights are crucial for advancing
the application of sentiment analysis technologies in personal and nuanced domains, pro-
viding a foundation for future enhancements and tool customizations tailored to specific
textual analyses. ‘

The novelty of this study lies in its focused examination of sentiment analysis tools
specifically within the domain of love letters—a unique and emotionally nuanced form
of personal communication. This is the first study, to the best of the authors’ knowledge,
to introduce and apply custom metrics such as the tenderness index, passion quotient,
and nostalgia score, which are specifically designed to assess and quantify the subtle
emotional nuances found in such texts. These innovations address the gap in existing
sentiment analysis research by tailoring evaluation techniques to the specific challenges
of analyzing deeply personal and emotional content, thereby expanding the applicability
and precision of sentiment analysis tools in handling complex, non-standard text datasets.

The paper has VI Sections. Sections I and II covers the Introduction and Literature
review. Section III and IV shows the Methodology and Results Discussions on this re-
search. Section V and VI describe the limitations and detailed conclusion of the analysis.

2. Literature Review

The paper compares sentiment analysis technologies using rule-based and machine learn-
ing methodologies, revealing that tool performance and strategy don’t always impact ac-
curacy, but low accuracy in small datasets necessitates further analysis. [2] [13]. In review-
ing recent advancements in sentiment analysis across different domains and modalities,
we see a variety of innovative approaches that leverage modern computational techniques
to enhance performance and adaptability. Firstly, Li et al. [22] and Karayiğit et al. [16]
both implement BERT-based models, but in distinctly different contexts—Li et al. focus
on extracting complex aspect-category-opinion-sentiment relationships for implicit sen-
timent analysis, demonstrating a marked improvement in F1 and recall scores, whereas
Karayiğit et al. apply BERT to analyze COVID-19 related sentiments on social media,
achieving superior classification accuracy over traditional and other deep learning mod-
els. Yang et al. [33] introduce a tri-modal model that incorporates contrastive learning and
a transformer architecture to optimize multimodal sentiment analysis. This approach ad-
dresses alignment and semantic discrepancies across text, audio, and visual data, showing
notable improvements on benchmark datasets.

In the realm of recommendation systems, Gu et al. [8] and Rosewelt et al. [29] blend
sentiment analysis with graph neural networks and optimization algorithms, respectively,
to refine e-commerce recommendations based on user sentiment extracted from reviews,
which both show substantial enhancements in recommendation accuracy. Gunasekar and
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Thilagamani [9] focus on cross-domain sentiment analysis by developing a network that
integrates aspect and domain-invariant features, resulting in a model that outperforms tra-
ditional approaches in adapting to new domains without loss of sentiment analysis accu-
racy. Shi et al. [30] and Liang et al. [23] both extend the capabilities of sentiment analysis
models through innovative learning strategies. Shi et al. introduce an adaptive prompt-
based method that utilizes contrastive learning to effectively handle few-shot learning
scenarios, while Liang et al. develop a multi-channel model that integrates pre-training
mechanisms to better capture nuanced textual information from user-generated content.

The field of sentiment analysis has seen significant advancements through the devel-
opment and application of rule-based, machine learning, and hybrid methodologies.

Rule-based sentiment analysis systems rely on manually crafted rules to identify and
classify sentiments based on the presence of certain keywords, phrases, or patterns that
have predefined sentimental values. Liu and Haig [24] proposed the use of fuzzy rule-
based systems for interpretable sentiment analysis, highlighting the approach’s alignment
with the inherent uncertainty of language and its contribution to interpretability. Hutto and
Gilbert [11] introduced VADER, a parsimonious rule-based model designed specifically
for social media text, showcasing its effectiveness by outperforming individual human
raters and various benchmarks in sentiment analysis tasks. Rule-based approaches offer
interpretability and straightforward implementation but may lack flexibility and compre-
hensiveness.

The advent of machine learning, especially deep learning, has significantly advanced
sentiment analysis by automating the extraction of complex features from text. Do et
al. [6] provided a comprehensive review of deep learning techniques for aspect-based
sentiment analysis, underscoring their ability to capture both syntactic and semantic fea-
tures without the need for manual feature engineering. Similarly, Zhang et al. [34] sur-
veyed deep learning applications in sentiment analysis, illustrating the technique’s suc-
cess across various sentiment analysis tasks due to its sophisticated data representation
learning capabilities. Machine learning methodologies, particularly deep learning, pro-
vide powerful tools for capturing the complexities of language and sentiment but can
suffer from a lack of interpretability and require substantial computational resources. Tra-
ditional and deep learning approaches are directly compared in the works of Kapočiūtė-
Dzikienė et al. [15] and Pratibha et al. [28], with the former testing these methods on
Lithuanian text sentiment analysis and finding traditional techniques slightly outperform-
ing deep learning methods, while the latter curates a multimodal dataset for analyzing
sentiments in tweets related to war and peace, demonstrating the growing importance of
comprehensive datasets for deep pragmatic analysis.

Hybrid systems aim to combine the interpretability and simplicity of rule-based ap-
proaches with the powerful feature extraction and prediction capabilities of machine
learning models. Chikersal et al. [4] developed SeNTU, a system that integrates a rule-
based classifier with supervised learning (specifically, Support Vector Machines) for Twit-
ter sentiment analysis, demonstrating how rules can refine machine learning predictions.
Prabowo and Thelwall [27] combined rule-based classification, supervised learning, and
machine learning into a novel method that improves classification effectiveness, show-
casing the potential of hybrid approaches in enhancing sentiment analysis performance.
Hybrid systems emerge as a promising middle ground, leveraging the strengths of both
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approaches to achieve both high performance and interpretability in sentiment analysis
tasks.

The discussed articles collectively illustrate the diverse applications of sentiment anal-
ysis in improving systems’ ability to interpret human emotions accurately across various
digital platforms and modalities.

3. Methodology

Based on the identified problems and aims of this study, In this section we explain the
steps taken for obtaining them (Figure 3). The section begins explanation of how the
dataset for this research was created.The next step is to preprocess the data so that it can
be subjected to sentiment analysis using these four tools.

Fig. 1. Sentiment Analysis Flow

– Dataset Collection
In this paper, we provide a carefully selected dataset of 300 love letters gathered
from various sources, including well-known websites like Google and Quora. The
wide and diverse spectrum of expressions of love captured in the dataset reflects
the complex and multifaceted nature of this complex emotion. The dataset including
these carefully prepared letters is available to the general public on Mendeley [DOI:
10.17632/rd5bjbnm35.3]. The dataset contains actual sentiments in each love letter,
making it a vital resource for sentiment analysis research. We primarily assess how
well four different Natural Language Processing (NLP) algorithms do in determining
the sentiment conveyed in these love letters. This in-depth investigation seeks to fur-
ther the field of sentiment analysis in the context of amorous emotions by shedding
insight on how well these algorithms capture the complex intricacies of emotional
language.

– Preprocessing
For this research number of preprocessing steps were taken. It entails actions chang-
ing text to lowercase, tokenizing it, deleting punctuation, removing common words
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(stop words), and stemming/lemmatization words to their simplest form. Managing
numerals, special characters, contractions, HTML elements, and URLs are additional
steps.The objective is to prepare text data for machine learning and sentiment analysis
by cleaning and organizing it. [1].

– Sentiment Analysis Tools [5]
Sentiment analysis tools known as software applications are used to examine text
exchanges to determine the tone, intent, and emotion of each message. Businesses
can gain from these technologies in a number of ways, such as more efficient feed-
back management, enhanced issue solving, higher-quality goods and services, well-
informed business decisions, and real-time feedback analysis.

1. TextBlob TextBlob is a rule-based sentiment analysis tool that adheres to natural lan-
guage processing principles. Unlike certain other sentiment analysis tools, TextBlob
does not rely on pre-trained models but rather employs a rule-based methodology to
determine sentiment in textual data. Even anyone without programming skills can
use it because of its simple and intuitive design. Its primary benefit is its ease of in-
tegration with Python, despite its limited support for multiple languages, including
English. TextBlob’s sentiment analysis provides basic emotion identification and cat-
egorizes text as positive, negative, or neutral depending on its polarity. Its handling
of denial and complex contextual nuances is fairly limited, and it might not be able to
portray the subtle emotional nuances in more complex texts. [12].TextBlob is often
used in academic contexts and small-scale projects where a quick and easy sentiment
analysis is sufficient, even though it is lightweight and simple to use. Additionally,
real-time applications are a good fit for it. The tool’s robust documentation and active
community further contribute to its success in certain applications.

2. VADER For use with social media text and short content segments, the rule-based
VADER (Valence Aware Dic-tionary and Sentiment Reasoner) Sentiment Analyzer
is designed. VADER is particularly good at processing sentiments expressed through
colloquial language because of its rule-based architecture and pre-trained lexicon,
which enable it to discern sentiment intensity with remarkable accuracy. Because it
is specifically made to account for context and negations, this tool is perfect for sen-
timent analysis in short, passionate texts like tweets and online comments. VADER
offers a compound score that accounts for the overall strength of the sentence in ad-
dition to polarity scores. [14].On a scale that goes from extremely negative to highly
positive, emotions are grouped. VADER is good at capturing sentiment in real-time
and doesn’t require fine-tuning, but because it is rule-based, it might not be as suitable
for longer or more formal writings. However, because of its ease of use and effec-
tiveness in gathering sentiment subtleties, VADER is a popular choice for sentiment
analysis tasks in social media and short text contexts.

3. Flair This machine learning-based sentiment analysis tool stands out for its advanced
features and contextual embeddings. Rather than using rule-based techniques, Flair
use pre-trained contextual embeddings to capture the semantic meaning of words and
phrases in context. This helps to increase the understanding of sentiments by enabling
Flair to recognize the intricate relationships that exist between words and their sur-
roundings. Flair’s multilingual features enable it to offer extensive language support
for a large range of documents. Additionally, it provides the fine-tuning option, which
lets users adjust the model to suit certain domains or activities.Because of its strength
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in managing negation, context, and emotion recognition, it is helpful for sentiment
analysis jobs in a range of scenarios, including those involving love letters with com-
plex emotional expressions. However, it needs a lot of processing power, especially
for real-time applications, and depending on the specific embeddings used, the model
size may vary. Flair is well-liked in academia and business because to its sophisticated
features and adaptability for sentiment analysis tasks. [25].

4. Hugging Face It is a platform that houses a variety of cutting-edge natural lan-
guage processing (NLP) models, including transformer-based models like BERT,
GPT, and many others, even if it isn’t a dedicated sentiment analysis tool.Because
of their remarkable results on a range of NLP benchmarks, these models—which
are available via the Hugging Face Transformers library—have emerged as the pre-
ferred options for sentiment analysis assignments. Hugging Face transformer-based
models are characterized by their capacity to represent intricate contextual relation-
ships in text, which makes them ideal for sentiment analysis of a wide range of
complicated content, including love letters. By using deep learning techniques, these
models frequently perform better than conventional rule-based or lexicon-based ap-
proaches [15]. Hugging Face platform offers a library of pre-trained models that span
numerous languages and domains. Additionally, it facilitates fine-tuning, enabling
customers to customize the models to meet their unique requirements. Because of the
platform’s comprehensive documentation, user-friendly interface, and a large com-
munity of contributors to its ecosystem, it is widely used in both academics and in-
dustry. Hugging Face is useful for practitioners looking for state-of-the-art solutions
for sentiment analysis tasks, especially those involving love letters with rich emo-
tional content because it uses transformer-based models to handle complex linguistic
nuances. [3].
Table[1] shows some important features of the above four tools.

Table 1. Features of Tools

Tools Algo. Logic Supportive Lang. Pre trained Fine tuning Emo Recog. Industry Acceptance
TextBlob Rule-based Limited No NA Simple Academic, Small-scale
Vader Rule-based English Yes NA Sentiment inten-

sity
Brief texts & social media

Flair Machine Learn-
ing

multiple lang. Yes Yes Advanced Business and academia

Hugging face Transformer-
based

multiple lang. Yes Yes Refined Research and Business

– Sentiment Polarity Analysis of Love Letters

Python functions were developed to compute the polarity of the sentiments as shown in
Table 2, which is the short view of the output. It contains the sentiment scores of each
sentence (Segment Content). The descriptions are as follows :

This dataset is used for the analyses of text sentiment through multiple tools. Each
”Segmented Content” segment receives a polarity score (-1 to +1) from TextBlob (mea-
suring negativity/positivity) and a subjectivity score (0 to 1) from the same tool (mea-
suring opinionatedness). VADER further categorises text as Positive, Negative, Neutral,
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or with a ”Compound” score (-1 to +1) combining these proportions. Flair and Hugging
Face models also provide sentiment analysis and confidence levels [2].

Table 2. Tool Polarity and Judge Score(Partial view)

Segment Content TB Pol TB Sub VD Pos VD Neu VD Neg VD Comp F Sent F Confd HF J1 T1 J1 T2 J1 T3 J1 T4
Dear My Girl, Yes, I
do comprehend that you
are experiencing quite a
bit of discomfort in your
first workplace, ....

0.17 0.38 0.10 0.76 0.12 -0.22 N 0.99 N 1 1 0 1

People will not respect
your time and will try to
take your attention, most
of the time without any
malice in their hearts,....

0.12 0.42 0.09 0.87 0.02 0.67 N 0.99 N 1 1 0 1

It’s possible that you’ll
have feelings of guilt be-
cause you didn’t follow
through with what you
had planned to do.

0 1 0 0.9 0.1 -0.27 N 0.99 N 1 0 1 1

However, you are not to
blame because you are
a human being.Everyone
gets their attention di-
verted.

0 0.1 0.12 0.88 0 0.25 P 0.82 N 1 0 0 0

In many respects, the
fundamental split is be-
tween those individuals
who are able to get back
on track .....

0.33 0.39 0.09 0.85 0.05 0.20 P 0.90 N 1 1 0 1

You are going to get in-
terrupted, but you have
the option to keep what
you say short.

0 0 0.16 0.78 0.05 0.61 P 0.99 P 0 1 1 1

In summary, the following methodology (Figure 2) has been implemented to obtain
the goals of this study.

1. Tool Selection and Parameter Configuration: Selected tools for evaluation include:
TextBlob, Vader, Flair, and Hugging Face Transformer and configuration of the rel-
evant parameters for each tool was done to ensure consistency and fairness in the
analysis.

2. Dataset Preparation:
– Collect a corpus of 300 love letters to serve as the dataset for analysis.
– Randomly select 500 sentences from the love letters to provide a representative

sample.
3. Sentiment Analysis of Love Letters: The TextBlob, Vader, Flair, and Hugging Face

Transformer were used to analyze and categorize selected sentences into neutral, pos-
itive, negative, and compound sentiments.

4. Human-based Evaluation:
– Engagement of human experts for two blind rounds to independently evaluate the

sentiment of the same set of sentences.
– Collection of annotations from human judges regarding the sentiment categories

for comparison with tool-generated results.
– Calculate Inter-Rater Agreements between the sentiment analysis tools and hu-

man judges using metrics Cohen’s Kappa and analysis of the level of agree-
ment/disagreement between tools and human experts.

5. Strengths and Limitations Assessment: Examination of the specific strengths and
limitations of each sentiment analysis tool.
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Fig. 2. Research Flow

6. Applicability : Based on the findings, derivation of the insights into the applicability
of existing sentiment analysis tools for personal and emotionally charged domains
like personal love letters, etc.

7. Data Analysis and Visualization:
– Analyses of the collected data using statistical methods to derive quantitative

insights.
– Draw confusion matrices and histograms, to present the results in a comprehen-

sible manner.
8. Conclusion and Recommendations for summarization of the study’s findings, high-

lighting the suitability and limitations of sentiment analysis tools for love letters. In
the next section, we discuss the outcome of the methodology applied.

4. Results & Discussion

Evaluating sentiment analysis tools in real-time NLP text data without a benchmark or a
labeled dataset is hard due to the dependency of traditional supervised learning metrics
on ground truth labels. However, other strategies can be used to approximate accuracy
or evaluate performance, including Human expert evaluation. This involves using human
annotators to assess the accuracy of sentiment predictions by comparing human annota-
tions to the predictions made by each sentiment analysis tool. Hence, user feedback as
a tool of evaluation was used in this research work. User feedback serves as an indirect
measure of performance if sentiment analysis tools are integrated into an application or
platform. Therefore, In this section, we discuss the outcome of the annotations that these
tools assign to the segmented text of the love letters.

4.1. Objective Agreement Between the Tools :

This research work aims to evaluate sentiment analysis tools objectively and subjectively.
We compare their agreement on polarity and relevance to human judgements in love let-
ters. High agreement validates tool reliability, while disagreements expose limitations
and biases, guiding model improvement. Sentiment can be complex, so disagreements



1420 Kaur et al.

may reflect natural language complexity and automated emotion capture challenges. By
understanding these discrepancies, we can refine models, improve context understanding,
and consider factors like irony or cultural references that influence sentiment. This section
focuses on tool agreement levels on the same content.

Agreement of Random Samples (100) In this 100 sentences were randomly selected
from a corpus of love letters to ensure an unbiased and representative analysis. This ran-
domness is crucial as it prevents any sampling bias, guaranteeing that each sentence in the
corpus has an equal chance of being chosen. Sentiment and polarity analyses were then
conducted on these sentences using various Natural Language Processing (NLP) tools,
including TextBlob, VADER, Flair, and Hugging Face. Each tool applies its methodology
to evaluate the emotional tone of the text, yielding scores that indicate the sentiment’s
positivity or negativity. These scores were meticulously recorded in an Excel sheet for
detailed analysis and comparison. The core of the study involved analysing the agreement
and disagreement among these tools outcomes. This phase is essential to gauge the re-
liability and consistency of sentiment analysis methodologies. Statistical measures like
Cohen’s Kappa [21] have been used to quantify the agreement between the tool’s senti-
ment assessments. The results of this analysis are critical; high agreement levels between
tools could indicate their reliability, while significant disagreements might highlight the
subjective nature of sentiment analysis or the diverse approaches of different tools. Ulti-
mately, the study’s structured approach, starting from the random selection of sentences to
detailed sentiment analysis and inter-tool agreement assessment, offers a comprehensive
understanding of the sentiments in the love letters.

Fig. 3. Textblob Polarity and Subjectivity Distribution

– TextBlob Polarity: The polarity scores in Fig. 4 indicates that the majority of sen-
timents are positive, with a mean polarity of around 0.18. However, there is a wide
distribution, with some sentiments being negative as well.

– TextBlob Subjectivity: The subjectivity scores in Fig 3. show a mean of about 0.51,
suggesting a balance between objective and subjective sentiments in the dataset. The
distribution is fairly uniform.

– VADER Scores: The VADER in Fig. 4 shows a higher distribution of neutral scores,
with positive sentiments also being fairly common. Negative scores are less frequent,
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Fig. 4. Vader Score Distribution

and the compound score histogram reflects a skew towards positive compound senti-
ment.

Fig. 5. Flair and Huggingface Distribution

– Flair Sentiment: The bar plot for Flair sentiment in Fig5. indicates that there is a
predominance of one sentiment class over the other in the dataset.

– Hugging Face Sentiment: Similar to the Flair sentiment, the Hugging Face sentiment
classifier in Fig. 4 shows a distribution skewed towards one sentiment class.

Using Cohen’s Kappa score, the agreement with sentiment score from the four tools
has been calculated.

The Cohen’s Kappa Score Matrix (κ) is calculated to assess the agreement between
two raters (or tools) who classify items into mutually exclusive categories. The formula
for Cohen’s Kappa is given by:

κ =
po − pe
1− pe

(1)

where: po is the relative observed agreement among raters, computed as the proportion of
items upon which the raters agree. pe is the hypothetical probability of chance agreement,
calculated based on the probabilities of each rater randomly assigning items to categories.
To calculate these probabilities, construct a k×k confusion matrix for k categories, where
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the element at the ith row and jth column (nij) represents the number of items Rater 1
classified into category i and Rater 2 into category j. Then, po is calculated as:

po =
1

N

k∑
i=1

nii (2)

where nii are the diagonal elements of the confusion matrix (where raters agree), and N
is the total number of items. The probability of chance agreement, pe, is computed as:

pe =

k∑
i=1

(∑k
j=1 nij

N

)(∑k
j=1 nji

N

)
(3)

where the first term inside the summation is the proportion of items Rater 1 assigns to
category i, and the second term is the proportion of items Rater 2 assigns to the same cat-
egory. Cohen’s Kappa score ranges from -1 (perfect disagreement) to +1 (perfect agree-
ment), with 0 indicating that the observed agreement is exactly what would be expected
by chance.

The outcomes are displayed in Table 4.1 and Fig. 6

Fig. 6. Cohen’s Kappa score Matrix for Sentiment Agreement

Agreement of Random Samples (200) As done before in the previous case of 100, 200
sentences were randomly selected from a corpus of love letters to ensure an unbiased
and representative analysis for the second round of evaluation. In this case the following
observations can be made.
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Fig. 7. Textblob Polarity and Subjectivity Distribution

Fig. 8. Vader Score Distribution

Fig. 9. Flair and HuggingFace sentiment Distribution



1424 Kaur et al.

Table 3. Results of Cohen Kappa Score Matrix

TextBlob
and
VADER:

TextBlob
and Flair

TextBlob
and Hug-
ging Face

VADER
and Flair

VADER
and Hug-
ging Face

Flair and
Hugging
Face

K=0.21
K=0.21

K=0.09
K=0.09

K=0.10
K=0.10

K=0.40
K=0.40

K=0.33
K=0.33

K=0.77
K=0.77

– TextBlob Polarity: The polarity scores from TextBlob in Fig. 7 indicate a distribution
with a slight skew towards positive sentiment.

– TextBlob Subjectivity: The subjectivity scores show a wide distribution, in Fig.7
indicating a mix of subjective and objective sentiments in the dataset.

– VADER Scores: The VADER sentiment analysis shows a variety of distributions for
the positive, neutral, and negative scores. The compound score distribution indicates
in Fig. 8 a skew towards positive sentiment overall.

– Flair Sentiment: The bar plot for Flair sentiment in Fig.9 shows the counts of each
sentiment class.

– Hugging Face Sentiment: Similarly, the bar plot for Hugging Face sentiment in Fig.
9 shows the distribution of sentiment classes.
The subsequent section of this analysis will focus on evaluating the extent of con-
cordance between human expert judgments across different sentences from love let-
ters.This examination is imperative to optimise and check the suitability of each tool’s
performance tailored to specific text genres such as love letter analysis.

4.2. Concordance Between Human Judges and Tools (Round 1 [100]) :

To analyse the concordance between human judges and tool scores, we will compute
the correlation between the judges’ ratings and the score of sentiments from the tools
(TextBlob, Vader,and Flair). This will help us understand how well the sentiment analysis
tools align with human judgement. For computations between the human judges them-
selves, we will calculate the correlation between the ratings of different judges to gauge
the degree of agreement among them. This will give light on the consistency of human
judgement across different individuals.

Concordance Between Human Judges and Tools Scores For this, the correlation be-
tween each judge’s ratings and the sentiment score from TextBlob, VADER, and Flair is
computed. Since the judge’s ratings are binary, we will use methods suitable for binary
data correlation with continuous data, such as point-biserial correlation (Figure 10).

– Correlations vary significantly across different judges and different tools in Fig.10
indicates that there is no consistent pattern of agreement or disagreement between
human judges and automated sentiment analysis tools.

– TextBlob Polarity: Some judges show a weak to moderate positive correlation with
TextBlob polarity, suggesting a slight agreement in assessing the overall sentiment
(positivity/negativity) of the texts.
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Fig. 10. Correlation between Human Judges and Tools
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– VADER Scores: Correlations with VADER scores (positive, neutral, negative, com-
pound) also vary. In some cases, there is a weak positive correlation, while in others,
there is no significant correlation or even a weak negative correlation.

– Flair Confidence: The correlation with Flair’s confidence in its sentiment predictions
is generally low, indicating that the confidence level of the Flair model is not very
aligned with human judgments.

Concordance Between Human Judges In this section, calculations regarding the
correlation between the ratings of different judges are done (Figure 11) and for this
correlating binary data, ( Phi coefficient) is computed, [7] which is a measure of the
association between two binary variables.

Fig. 11. Correlation between Human Judges
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The Phi coefficient [7] values between pairs of judges are as follows:
– The correlations vary significantly, indicating differing levels of agreement between

judges. However, in some cases, there is a moderate positive correlation, suggesting
agreement between certain pairs of judges. At the same time, it is observed that many
pairs of judges show low to negligible correlation, indicating a lack of consistent
agreement in their ratings.
item A few pairs show a high correlation in Fig.11 (e.g., ‘J1-T3‘ and ‘J1-T4‘ with a

coefficient of 0.774), suggesting a strong agreement in their judgments and scoring.

4.3. Inferences from the Concordance Values

Concordance Between Judges and Tools
–– There is no strong and consistent pattern of correlation between the judges’ ratings

and the sentiment analysis tool’s scores. This suggests that there may be some level
of agreement between human judges and automated tools, the concordance is not
uniform across different tools or different judges.

– The variability in correlations suggests that sentiment analysis tools might interpret
sentiment differently compared to human judgment, which can be due to the nuances
and complexities of human language that automated tools may not fully capture.

Concordance Between Human Judges
–– The varying levels of correlation between different pairs of judges highlight the sub-

jective nature of sentiment analysis when performed by humans. Different judges
may focus on different aspects of the text or interpret sentiments differently, leading
to varying levels of agreement.

– The presence of both high and low correlations among judges pairs suggests that
some judges may have similar criteria or thresholds for sentiment evaluation, others
differ significantly in their judgement.
These findings demonstrate the challenges in sentiment analysis, both in terms of
creating tools that can mimic human judgement and in achieving consistency among
human evaluators. It highlights the need for clear guidelines and training for human
judges and the importance of continuous improvement in sentiment analysis algo-
rithms to better align with human interpretations.

4.4. Concordance Between Human Judges and Tools (Round II [200]):

In this round, 200 random sentences with their evaluations are analysed, similar to
the previous round. It includes sentiment analysis scores from TextBlob, VADER,
and Flair, along with evaluations from four judges.

Concordance Between Human Judges and Tools Scores in Round II The observa-
tions regarding the point-biserial correlation coefficients between the judge’s ratings
and the sentiment analysis tool scores in Round II are as follows:
It can be observed that generally, the Correlations are low, indicating a weak agree-
ment between human judges and sentiment analysis tools. This is consistent across
different judges and tools. TextBlob Polarity and Subjectivity: Some judges show a
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slight positive correlation with TextBlob scores, but the correlation is generally weak.
In VADER Scores, the Correlations with positive, neutral, negative, and compound
scores vary and are generally low. In the case of Flair Confidence score analysis,
the correlation with Flair’s confidence level is also generally low, suggesting limited
alignment with human judgments.

Concordance Between Human Judges in Round II The Phi coefficient values
between pairs of judges in Round II are as follows:
The Variability in Correlations is similar to Round I, the correlations between judges
in Round II vary, indicating differing levels of agreement. At the same time, it can
be observed that some Moderate Correlations can be observed in case a few judge
pairs show moderate positive correlations, suggesting agreement in their evaluations.
Lastly, many Low Correlations can also be observed, clearly showing that many pairs
of judges exhibit low to negligible correlation, indicating a lack of consistent agree-
ment in their ratings. Based on the above observations, generally low correlations
between human judges and analysis tools suggest that the tools’ assessments of sen-
timent do not consistently align with human judgement. This might be due to the
complexity of human language and sentiment, which automated tools might not fully
capture.The variability in these correlations highlights the differences in how humans
and machines interpret and evaluate sentiment. The variability in agreement among
judges underscores the subjective nature of sentiment analysis. Different judges might
prioritise different aspects of the text or interpret sentiments differently. The presence
of both moderate and low correlations among judge pairs suggests varying criteria or
thresholds for sentiment evaluation among different judges. The findings from Round
II are inline with those from Round I, highlighting the challenges in achieving con-
sistency in sentiment analysis, both among human evaluators and between human
and automated tool assessments. This emphasises the guidelines for human sentiment
analysis and continued improvement in automated sentiment analysis algorithms.
From the round I and round II of evaluation, it is abundantly clear that such tools
are unsuitable for getting the sentimental value of the sentences embodied in the
love letter. There is a necessity to customise and modify these tools to gain such
availability.

5. Limitations and Future Applicability

Despite the significant advancements demonstrated in the reviewed sentiment analysis re-
search, several limitations are evident, offering directions for future work. One recurrent
challenge is the dependency on large, labeled datasets for training complex models. Al-
though efforts like those described by Shi et al. [30] aim to mitigate this through adaptive
prompt-based learning for few-shot scenarios, the generalization of such models across
truly diverse or low-resource linguistic domains remains problematic. Moreover, while
models such as those introduced by Yang et al. [33] improve multimodal sentiment anal-
ysis, the alignment of different modalities (text, audio, visual) and the effective fusion of
such data without redundancy still pose considerable challenges.

The complexity of sentiment analysis models, especially those integrating deep learn-
ing and neural networks, often leads to issues with interpretability. Models like the RWESA-
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GNNR proposed by Gu et al. [8] integrate sentiment analysis with graph neural networks
to enhance recommendation systems, yet the interpretability of such models is not well ad-
dressed, which is crucial for trust and reliability in real-world applications. Furthermore,
the performance of sentiment analysis tools across different cultural or demographic seg-
ments has not been thoroughly explored, which could affect the applicability and fairness
of these tools in global or multicultural settings.

Future research could focus on developing more robust models that require fewer data
yet are capable of high generalization across domains. This includes exploring unsuper-
vised or semi-supervised methods that could leverage unlabeled data more effectively.
There is also a pressing need for the development of models that provide better inter-
pretability and explainability, which are essential for applications in fields such as health-
care, finance, and law where understanding model decisions is crucial. Additionally, en-
hancing the ability of sentiment analysis tools to handle multimodal data more efficiently,
possibly through the development of novel neural network architectures or more sophis-
ticated data fusion techniques, could significantly improve the accuracy and applicability
of sentiment assessments. Lastly, the ethical implications and biases in sentiment analy-
sis need rigorous examination to ensure these tools are fair and equitable across all user
demographics.

Table 4. Sentiment Analysis Metrics for Love Letters

Metric Definition Calculation
Tenderness Index A metric that measures the tool’s accuracy in iden-

tifying and quantifying expressions of tenderness
in love letters.

Evaluate the frequency and intensity of words as-
sociated with tenderness (e.g., gentle, affectionate,
caring) in the sentiment predictions.

Passion Quotient Assess the tool’s effectiveness in capturing the
passionate undertones within love letters.

Analyze the presence and intensity of words re-
lated to passion (e.g., fiery, intense, desire) in the
sentiment predictions.

Nostalgia Score A metric indicating how well the sentiment anal-
ysis tool captures nostalgic sentiments in love let-
ters.

Consider the accuracy of identifying words and
phrases associated with nostalgia (e.g., reminisc-
ing, longing, memories) in the sentiment predic-
tions.

Romantic Consistency Measure the tool’s ability to maintain sentiment
consistency in segments of text expressing roman-
tic feelings.

Evaluate the tool’s performance in correctly pre-
dicting sentiment changes within the context of a
romantic narrative.

Depth of Emotional Under-
standing

Assess the tool’s capability to grasp the depth and
complexity of emotions conveyed in the love let-
ters.

Develop a metric that considers the tool’s accuracy
in capturing subtle shifts in sentiment intensity and
emotion complexity.

Personalization Accuracy Gauge how well the sentiment analysis tool adapts
to and accurately reflects the unique personaliza-
tion in individual love letters.

Evaluate the tool’s precision in identifying senti-
ment nuances specific to the personal writing style
and expressions of the letter.

Sentiment Diversity Measure the variety and range of sentiments de-
tected by each tool within the collection of love
letters.

Assess the tool’s performance in identifying a di-
verse array of sentiments, reflecting the multi-
faceted nature of love.

6. Conclusion

From the thorough analysis conducted during Round I and Round II evaluations, a clear
pattern emerges, underscoring the inadequacy of existing sentiment analysis tools in cap-
turing the nuanced sentimental value embedded within love letters. This revelation prompts
a compelling argument for the imperative need to customise and modify these tools to en-
hance their suitability for discerning sentiments in the context of personal and emotionally
charged texts. The key foundation of this argument lies in the examination of Phi coeffi-
cient values between pairs of judges in Round II. The Variability in Correlations, akin to
Round I, persists in Round II, indicating divergent levels of agreement among the judges.
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This variability is a crucial indicator of the challenges in achieving consensus, showcasing
that different pairs of judges exhibit inconsistent levels of agreement in their evaluations.

A critical observation arises from the presence of Moderate Correlations in specific
judge pairs, implying a degree of agreement in their assessments. However, the over-
arching trend reveals a multitude of Low Correlations, signifying that numerous judge
pairs display low to negligible correlation. This discrepancy directly points to the lack of
consistent alignment between human judges and sentiment analysis tools, implying that
these tools’ assessments do not reliably coincide with human judgments. The observed
variability in correlations sheds insight on the complex structure of human language and
sentiment, which automated tools may struggle to fully encapsulate. The disparities high-
light the differing interpretations and evaluations of sentiment between humans and ma-
chines, emphasizing the nuanced and complex nature of emotional expression in love
letters. Moreover, the consistency in findings between Round II and Round I accentuates
the persistent challenges in achieving reliability and uniformity in sentiment analysis.
This consistency underscores the ongoing struggle, both among human evaluators and
between humans and automated tools, emphasizing the inherent difficulty in capturing
the multifaceted emotional nuances present in love letters. Consequently, the argument
strengthens the case for the necessity of clear guidelines for human sentiment analysis,
facilitating a standardized approach and minimizing discrepancies among human judges.
Simultaneously, it emphasizes the imperative for continuous enhancements in automated
sentiment analysis algorithms. The presence of varying criteria and thresholds for sen-
timent evaluation among different judges, as suggested by the mixed correlations, rein-
forces the subjective nature of sentiment analysis and the need for further refinement in
both manual and automated approaches. In essence, the argument emphasizes the pivotal
role of customization and modification of sentiment analysis tools, drawing attention to
the complex and subjective nature of sentiment analysis in the domain of personal and
emotional expressions within love letters.

Table 5. Variable & Abbreviations

Variable Abbreviations
Textblob Polarity TB Pol
Textblob Subjectivity TB Sub
Vader Positive VD Pos
Vader Neutral VD Neu
Vader Negative VD Neg
Vader Compound VD Comp
Flair Sentiment F Sent
Flair Confidence F Confd
Huggingface HF
Judge J
Tool T



Sentiment Polarity Analysis of Love Letters 1431

References

1. Angiani, G., Ferrari, L., Fontanini, T., Fornacciari, P., Iotti, E., Magliani, F., Manicardi, S.,
et al.: A comparison between preprocessing techniques for sentiment analysis in twitter. (2016)

2. Borrelli, F.M., Challiol, C.: Comparing and evaluating tools for sentiment analysis (2023)
3. Chhabra, A., Chaudhary, K., Alam, M.: Exploring Hugging Face Transformer Library Impact

on Sentiment Analysis: A Case Study. Auerbach Publications (2024)
4. Chikersal, P., Poria, S., Cambria, E.: Sentu: Sentiment analysis of tweets by combining a rule-

based classifier with supervised learning. SemEval 2015 Task 10 pp. 647–651 (2015)
5. Dhiman, P., Kaur, A.: Text pre-processing techniques in addressing fake news. In: Computa-

tional Methods in Science and Technology: Proceedings of the 4th International Conference on
Computational Methods in Science & Technology (ICCMST 2024), 2–3 May 2024, Mohali,
India. vol. 1, pp. 142–148. CRC Press (2024)

6. Do, H.H., Prasad, P., Maag, A., Alsadoon, A.: Deep learning for aspect-based sentiment anal-
ysis: A comparative review. Expert Syst. Appl. 118, 272–299 (2019)

7. Fleiss, J.L.: Measuring agreement between two judges on the presence or absence of a trait.
Biometrics pp. 651–659 (1975)

8. Gu, J., Xu, Y., Liu, W.: Rwesa-gnnr: Fusing random walk embedding and sentiment analysis
for graph neural network recommendation. Information Technology and Control 53(1), 146 –
159 (2024)

9. Gunasekar, M., Thilagamani, S.: Improved feature representation using collaborative network
for cross-domain sentiment analysis. Information Technology and Control 52(1), 100 – 110
(2023)

10. Gupta, D., Madhukar, M., et al.: Analysis of machine learning approaches for sentiment analy-
sis of twitter data. Journal of Computational and Theoretical Nanoscience 17(9-10), 4535–4542
(2020)

11. Hutto, C.J., Gilbert, E.: Vader: A parsimonious rule-based model for sentiment analysis of
social media text. In: Proceedings of the International AAAI Conference on Web and Social
Media (2014)

12. Illia, F., Eugenia, M.P., Rutba, S.A.: Sentiment analysis on pedulilindungi application using
textblob and vader library 2021(1), 278–288 (2021)

13. Ilyas, S.H.W., Soomro, Z.T., Anwar, A., Shahzad, H., Yaqub, U.: Analyzing brexit’s impact
using sentiment analysis and topic modeling on twitter discussion. In: The 21st Annual Inter-
national Conference on Digital Government Research. pp. 1–6 (2020)

14. Joharee, I.N., Hashim, N.N.W.N., Shah, N.S.M.: Sentiment analysis and text classification
for depression detection. Journal of Integrated and Advanced Engineering (JIAE) 3(1), 65–78
(2023)
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Abstract. This research paper presents an innovative solution to address the chal-
lenges of poor detail detection effectiveness and prolonged training time in image
segmentation. The proposed approach leverages the Adaptive Attention Multiscale
Convolution Network (AAMC-Net), incorporating a multi-scale dilated convolu-
tion VGG L network for feature extraction and a deconvolution method for image
segmentation. Extensive experiments demonstrate the superior performance of the
proposed algorithm concerning intersection over Union (IOU), accuracy, precision,
recall, F1, average training efficiency, and segmentation efficiency when compared
to several traditional algorithms. On average, the proposed algorithm achieves re-
markable improvements of 3.9%, 3.1%, 1.7%, 4.9%, 17.9%, 14.8% ,and 20.2% in
these metrics. Moreover, the enhanced algorithm exhibits notable advantages in de-
tail processing and real-time image segmentation detection.

Keywords: Image crack segmentation, Convolutional neural network,VGG L, At-
tention mechanism.

1. Introduction

As a major infrastructure construction center, China has built a road network spanning
6 million kilometers by 2022 [2]. Effective road damage detection is crucial for ensur-
ing road safety. Road cracks are early indicators of pavement deterioration [9]. Manually
extracting cracks based solely on workers’ experience and subjective judgments is ineffi-
cient and costly. Rapid and precise road crack detection is vital for reducing road main-
tenance expenses, enhancing driving safety, lowering fuel consumption, and prolonging
road lifespan [27]. As a key technique for crack detection, effective crack segmentation
can advance crack detection technology to some extent.

With the fast evolution of computer processors, image processing and computer vi-
sion have been extensively applied in crack segmentation, including threshold-based road
crack extraction, morphological detection, region segmentation, and edge detection meth-
ods [12] [16]. Thresholding techniques like Otsu’s method and histogram thresholding,
despite being simple and fast, are prone to environment and illumination effects, result-
ing in poor performance on images with blurry crack edges. Morphological methods such
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as erosion and dilation, multistructural and multiscale mathematical morphology, though
effectively suppressing noise interference and achieving good detection with fast com-
putation, struggle with detailed segmentation. Region-based crack segmentation methods
like watershed and region growing enable automatic segmentation but perform poorly on
faint and tiny cracks, requiring enhancement algorithms to suppress noise. Common edge
detectors like Sobel, Roberts, gradient operators, Laplacian operators, Marr and Canny,
though easy to implement and fast, are sensitive to noise due to template size and direction
limitations.

With the development of artificial intelligence, deep learning and convolutional neural
network (CNN) technologies have become a research trend for applying image crack seg-
mentation. Models including FCN [34] [10], UNet [35], and UNet++ [33]have improved
crack segmentation accuracy. However, these models have drawbacks like large compu-
tational loads and many network parameter settings, making them less ideal for real-time
detection.

The shortcomings in fine-grain crack segmentation and the absence of real-time de-
tection capabilities are pressing issues that directly impede advancements in intelligent
crack detection systems. The VGG neural network is notable for its minimal computa-
tional demands and swift processing speeds, making it a comparatively lightweight model
apt for rapid image analysis [23]. Attention mechanisms facilitate end-to-end learning,
thereby aiding in the interpretation and understanding of data. When amalgamated with
neural network models, these mechanisms markedly improve the precision of segmenta-
tion networks, demonstrating exceptional efficacy in image detection tasks [18]. More-
over, the Convolutional Block Attention Module (CBAM) enhances feature extraction in
convolutional layers, accentuating key image information and excelling in local texture
extraction. Dilated convolutions maintain spatial resolution whilst effectively capturing
a broader contextual scope, all without augmenting the number of parameters or com-
putational complexity. Consequently, this study aims to refine the VGG neural network
by leveraging the benefits of CBAM and dilated convolutions to develop the AACM-Net
model. The objective is to optimize the segmentation of crack details whilst concurrently
reducing the time required for crack detection, thereby elevating the overall accuracy of
segmentation.

2. Related Work

As the country places greater emphasis on intelligent transportation systems, the focus
has shifted towards intelligent detection of road cracks. Image processing, particularly
digital image processing, has witnessed significant advancements in crack detection [17].
Notably, researchers like Xiu et al. [31]proposed using the Sobel operator and CV model
for image edge detection to address uneven gray image segmentation. Similarly, Jiang
et al. [11] employed adaptive thresholding to extract crack edges and effectively miti-
gate noise interference. However, challenges persist due to complex lighting conditions,
background variations, and other external factors, leading to suboptimal results.

With the rapid advancement of processors, artificial intelligence and computer vision
have increasingly come to the fore in the digital economy era. Deep learning and con-
volutional neural networks point the way forward for road crack detection. Notably, like
J.Long et al [15]utilized a semantic segmentation technique using a Fully Convolutional
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Network( FCN8s ). The FCN8s approach is quite adaptable, capable of handling images
of any dimension. It streamlines the training regimen by producing classification labels in
just one forward pass, enabling seamless training and prediction from start to finish. How-
ever, it’s worth noting that this method demands a lot of computational power and falls
short when it comes to detailing the textures of smaller objects. To address this, Dung et
al. [4] proposed an FCN-based automatic crack identification algorithm, employing con-
volutional layers instead of fully connected layers to classify images of any scale. How-
ever, FCN’s inefficiency and limited receptive field hinder it from capturing global and
detailed information effectively. Further, Sun et al. [24] used a hybrid approach combin-
ing multi-resolution features with Transformers for crack semantic segmentation(Multi-
Transformer). The method use a global receptive field for scene understanding and in-
corporates Transformer networks for semantic segmentation, overcoming the limitations
of CNNs’ small receptive fields. However, the use of Transformers and multi-resolution
features increases the model’s computational complexity.

At the same time, Wang et al [29] proposed an efficient road surface crack segmenta-
tion algorithm using a deep learning encoder-decoder structure. They used a pre-trained
DenseNet121 as the encoder to extract road features and a global attention upsampling
module as the decoder for crack segmentation. Although the method effectively improves
training efficiency, it is highly dependent on the quality and quantity of the training data.
The use of multiple attention modules and a pre-trained DenseNet121 adds to the model’s
complexity. Lin et al [13] used a deep semantic segmentation method combining Con-
ditional Random Fields (CRF) and CNN (CRF-CNN) to capture contextual area infor-
mation and background information for crack segmentation. The inclusion of contextual
information enhances the model’s image understanding capabilities but also increases its
complexity and computational costs. Building on this, they introduced multi-scale inputs
and sliding in pyramid pooling layers the following year to capture context for patch-
background [14], improving semantic segmentation accuracy. While the introduction of
efficient training methods somewhat optimizes the CRF and CNN architecture, the model
remains complex and resource-intensive.

Furthermore, Fan [6] and his team introduced a road crack detection algorithm based
on deep learning and adaptive image segmentation. The algorithm trains a deep convolu-
tional network to determine whether an image contains cracks and uses adaptive thresh-
olds to extract road surface cracks. Although the method performs well in extracting var-
ious types of road cracks, it requires substantial computational resources and has a long
training time.

To overcome the limitations of existing methods and enhance crack detection accu-
racy, we propose a novel algorithm based on AAMC-Net image. The algorithm lever-
ages the CBAM hybrid domain attention mechanism to strengthen global and local image
features. Furthermore, we employ multi-scale dilated convolutions VGG L for feature
extraction and utilize deconvolution for fracture detection. The entire model training is
based on MSELoss Adam for adaptive learning, optimizing performance and efficiency.
Through extensive experiments, we demonstrate the superior capabilities of our AAMC-
Net based algorithm in intelligent road crack detection, providing an innovative solution
for infrastructure maintenance and safety enhancement.
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3. Research Method

The CBAM attention mechanism is a lightweight, general-purpose module that can be
seamlessly integrated into convolutional neural network architectures for end-to-end train-
ing and the capture of useful information. VGG achieves learning by deepening the net-
work with multiple nonlinear layers, albeit with fewer network parameters. In this study,
we use the VGG network as the foundational structure and propose a multi-scale dilated
convolution variant, termed VGG L. This is combined with the CBAM attention mech-
anism to construct the AACM-Net network model specifically designed for road crack
segmentation. The architecture of this model is depicted in Figure 1.

Fig. 1. Algorithm flow chart

A deep learning-based road crack image segmentation model is designed, with its
training process illustrated in Figure 1. The initial step involves setting model parame-
ters, including the size of the dataset, the number of training iterations, batch size, and
the initialization of the learning rate. The model’s input, crack images, first pass through
the CBAM module, which enhances key features of the image using channel and spatial
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attention mechanisms. Subsequently, feature extraction is performed using the VGG L
model, which employs multi-scale dilated convolutions to capture image details across
different scales. Following feature extraction, the model reconstructs and segments fea-
tures through a series of deconvolution and feature fusion steps (Deconv&ADD). At the
end of each training cycle (Epoch), the model evaluates the segmentation effectiveness
by calculating the Mean Squared Error (MSELoss) and adjusts parameters based on the
loss using the Adam optimizer. This iterative process continues until the predetermined
number of training iterations is reached, at which point the model outputs the final crack
segmentation results, completing the training process. This training approach ensures that
the model effectively learns to segment cracks from complex backgrounds, enhancing the
accuracy and robustness of segmentation through the attention mechanism and multi-scale
feature fusion. In this way, the model is equipped to handle crack detection challenges
across various road surfaces and lighting conditions.

3.1. Image Processing

CBAM based on hybrid attention mechanism is used to preprocess the input crack feature
image to enhance the global and local texture feature information. The hybrid attention
mechanism based CBAM [30]model implements the image feature enhancement process
by processing global and local texture features in channel features and spatial features. It
consists of convolution of channel and spatial attention mechanisms, the overall process
is shown in Figure 2.

Fig. 2. Overall CBAM flow chart

The input A is initially processed through a channel attention module, resulting in
a feature map that is element-wise multiplied (denoted as ⊗) with the input A to pro-
duce a feature map F. This process enhances features associated with specific channels.
Subsequently, the feature map F undergoes further processing through a spatial attention
module, and the resulting feature map is again element-wise multiplied with F, leading
to the final output C. This illustration demonstrates how channel and spatial attention
modules are sequentially employed to enhance the network’s capacity to represent input
images effectively.

This study integrates a Combined Channel and Spatial Attention Mechanism (CBAM)
to enhance the precision of crack segmentation in images. As shown in Figure 2, the input
image A initially undergoes processing through a channel attention module. This module
focuses on the importance of different channels within the image, generating a feature
map. The primary goal of this step is to highlight feature channels that are most relevant
for crack detection.After processing by the channel attention mechanism, the feature map
is element-wise multiplied with the original input A, resulting in the feature map F. This
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approach applies channel weights to the original features, intensifying the focus on signif-
icant features. Subsequently, the feature map F is directed to a spatial attention module,
concentrating on the crack regions within the image. The feature map, post spatial at-
tention processing, is element-wise multiplied with the input F, further enhancing spatial
focus. Ultimately, the input A, after undergoing channel and spatial attention weighting,
transforms into the output C. This output contains a richer and more detailed representa-
tion of crack features, crucial for the following steps of crack segmentation. The model is
capable of more precise crack detection and segmentation, particularly in complex crack
images. Notably, throughout this process, the size of the output features aligns with that
of the input features, maintaining dimensions of 214 × 214. The computational method
for the CBAM cross-domain attention mechanism is presented in formula 1.

C = CBAM(A) = SAM(CAM(A)⊗A)⊗ (CAM(A)⊗A) (1)

Among them, both C and CBAM(A) are the results of CBAM mixed domain atten-
tion mechanism operation, A is the original crack image, CAM is the channel domain
attention operation mechanism for crack image processing, SAM is the spatial domain
attention mechanism operation for crack image processing, ⊗ is the matrix multiplication
operation, and the matrix multiplication operation formula is shown in formula 2.

Fik×jl = Ai×j •A′k×l (2)

Among them,the symbol • signifies element-wise matrix multiplication, Ai×j is the
matrix A whose pixel size is i × j, A′k×lis the matrixA′ whose pixel size is k × l, and
Fik×jl is the result matrix F whose pixel size is ik × jl.

Channel Domain Attention Mechanism The Channel Attention Mechanism (CAM)
enhances the capability for global feature extraction in crack images by evaluating the
importance of each channel feature map. It achieves this by compressing and reducing
dimensions in the spatial domain to obtain the channel attention map. The computational
process is illustrated in Figure 3.

Fig. 3. CAM calculation flow chart

As can be seen from Figure 3, the original fissure image A is fed into the channel
attention mechanism model, processed by the maximum pooled layer and the average
pooled layer respectively to obtain two different feature graphs, which are then fed into the
MLP neural network [25] for feature vector weight assignment. The whole process adopts
the consistency principle, and finally obtains the global texture enhancement feature map
through Sigmoid activation function [28]. The calculation is shown in formula 3.
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A′ = CAM (A) = Sigmoid (MLP (AvgPool (A)) +MLP (MaxPool (A))) (3)

Sigmoid represents Sigmoid activation function, AvgPool represents average pool-
ing operation, MaxPool represents maximum pooling calculation, and MLP represents
MLP neural network, which is used to extract attention map in CAM operation, essen-
tially convolves two convolution layers with 1 convolution core with a ReLU activation
layer [28], as shown in formula 4.

MLP (pool) = Conv(ReLU(Conv(pool)) (4)

Where is pool stands for pooled input, Conv for convolution, and ReLU for ReLU
activation. The global texture feature image processed by channel attention is convolved
with the original feature image to get the feature map F .

Spatial Attention Mechanism The spatial attention mechanism (SAM) enhances the
ability of the model to extract local texture features by obtaining the importance of dif-
ferent regions in the feature map. SAM compresses the channel dimension of the feature
graph to obtain the attention graph in the spatial domain. The calculation flow is shown
in Figure 4. As shown in Figure 4, the maximum and average pooled layers are still used

Fig. 4. SAM calculation process

in the input of Feature Diagram F into the spatial attention mechanism, resulting in two
features with the same size and number of channels. Then, the two feature images are
stitched together and processed by Sigmoid activation function after convolution opera-
tion of 7× 7 to obtain the local texture enhanced crack image. As shown in formula 5.

B = SAM (F ) = Sigmoid
(
Conv7×7 ([AvgPool (F ) +MaxPool (F )])

)
(5)

Of which, Conv7×7 represents the convolution operation with a convolution nucleus
size of 7× 7.

3.2. Crack Image Feature Extraction

The study uses the VGG 16 [23] deep neural network as a base model, improves it, and
proposes a multiscale null convolution VGG L neural network for crack image feature
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extraction. The network retains the first 10 convolutional layers and 4 pooling layers of
VGG 16, and connects 1 layer of CBAM mixed-domain attention mechanism and 1 layer
of dual-scale null convolution. The architecture lightens the VGG 16 model while en-
hancing the feature focusing ability of the network, the contextual information capturing
ability, which can better extract the crack detail information and improve the recognition
accuracy. The architecture is shown in Figure 5.

Fig. 5. VGG L network architecture for multiscale void convolution

As shown in Figure 5, the network sequentially processes the input image through
convolutional layers, max pooling layers, and dilated convolutional layers. The mid-
section of the network includes convolutional layers with Batch Normalization (BN) and
the ReLU activation function, along with an attention module (CBAM), for further refine-
ment of features. After a series of convolutional and dilated convolutional layer process-
ing, features are ultimately fused through an ADD operation, resulting in the generation
of the output feature map. In the figure, the content within brackets [] indicates the size
of the feature map, numbers denote the quantity of feature layers, and arrows of different
colors represent various operations within the network.

The study inputs images of 214 × 214 dimensions into the VGG L model, where
they first undergo four feature extractions and one feature enhancement. The feature map,
post-enhancement, is then subjected to a fifth feature extraction and one feature fusion.
The first and second feature extraction processes are identical, involving two rounds of
conv3*3+ReLU operations followed by one Maxpool operation. The third and fourth fea-
ture extractions are similar, consisting of three conv3*3+ReLU operations and one Max-
pool operation each. The fifth feature extraction involves dual-scale dilated convolution,
where the feature map enhanced by CBAM undergoes convolution operations at dilation
rates of 1 and 2 simultaneously. After the dilation rate 1 convolution, the feature map un-
dergoes two conv3*3+BN+ReLU operations, followed by one conv1*1+BN+ReLU oper-
ation to generate the feature map. Conversely, the feature map post dilation rate 2 convo-
lution first undergoes one conv3*3+BN+ReLU operation, then two conv1*1+BN+ReLU
operations to generate its feature map.

For feature fusion, the two feature maps obtained from the fifth feature extraction,
being of equal size, are fused by adding corresponding width and height dimensions. This
results in the final feature map from the feature extraction process.
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The first feature extraction is the same as the second feature extraction. After two con-
volution operations with a 3× 3 kernel and padding of 1, followed by a ReLU activation
operation [28], the convolution kernel is pooled with a 3 × 3 size, a stride of 2, and a
kernel of 2. The computation is as shown in formula 6.

Ci = MaxPool(ReLU (Conv (ReLU (Conv (Ci−1)))) i ∈ (1, 2) (6)

Among them, Ci−1represents the input fracture data set image, i represents the num-
ber of feature extraction processing times, Ci represents the feature extraction result, and
when i = 1, C0 is C, represents the fracture image after CBAM feature enhancement.

The third and the fourth feature extraction processes are the same, consisting of three
layers of convolution core size is 3 × 3, padding 1 and ReLU activation, and the feature
extraction results are obtained by the maximum pool size is 3× 3, step is 2 and kernel is
2, as shown in formula 7.

Ci = MaxPool(ReLU (Conv(ReLU(Conv (ReLU (Conv (Ci−1))) (i ∈ (3, 4))
(7)

After processing, the feature extraction results of crack map were obtained C1, C2, C3

and C4. The fourth feature extraction result C4 is further enhanced by the CBAM mixed
domain attention mechanism module to solve the problem of fine-grained information
loss.

Dilated convolutions [20] keeps the image size constant while enhancing the recep-
tive field of the convolution neural network. Double-scale dilated convolutions is used to
achieve the fifth feature extraction to reduce the loss of context information and improve
the accuracy of crack recognition. The processing involves a convolution operation with
a void ratio of 1 and a void ratio of 2 and three ordinary convolution operations, as shown
in Formula 8.

DCγ(x, y, n, γ) = Conv(Conv(Conv(DConv (x, y, n, γ)))) (8)

Among them, DCγ(x, y, n, γ)represents the improved multi-scale convolution func-
tion, γ represents the void ratio, determines the sampling interval of the convolution ker-
nel, x and y represent the length and width of the input crack image respectively, and
n represents the edge length of the convolution core. DConv represents the convolution
operation of holes, the calculation is shown in formula 9.

DConv (x, y, n, γ) =

x∑
n

y∑
n

I [x+ γn, y + γn]w [n, n]) (9)

Among them, DConv represents the dilated convolutions operation, w is the void
filter, I is the input image, and γ-1 represents the number of holes.

Dilated convolutions enhances the effect of image extraction by enlarging the recep-
tive field of the convolution process without any additional parameters. The receptive field
computation is shown in formula 10.

G = (m+ 1)(m− 1) +m (10)

Among them, m represents convolution nucleus size, G represents receptive field size.
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In this paper, the dilated convolutions conv+BN+ReLU is composed of convolution
core = 3×3, padding = 1, stride = 2. The image is processed by convolution with voidage
1 and voidage 2, respectively, and two features are extracted after three ordinary convo-
lution operations. The convolution layer is composed of conv+BN+ReLU. Among them,
the void ratio is 1, and the convolution parameter of the first two convolution treatments
is 3 × 3, padding = 0, stride = 1. The convolution parameter of the third convolution is
convolution kernel =1× 1, padding = 0, stride = 1. When the void ratio is 1, the first con-
volution parameter is convolution kernel =3× 3, padding = 0, stride = 1. The convolution
parameters of the second and third convolution are convolution kernel =1× 1, padding =
0, stride = 1. Because the sizes of the two feature maps are the same, the weighted opera-
tion is used to fuse the two feature maps. The result is the fifth feature extraction graph. ,
as described in formula 11.

MDC =
2∑

r=1

DCγ (11)

Among them, MDC is the fused crack feature extraction result.

3.3. Image Segmentation and Dimension Reduction

In order to reduce the channel dimension and improve the resolution of the feature map,
the fused deconvolution and skip connection methods are used for five deconvolution
operations [7] [8]. In deconvolution, which consists of ConvTanspose+BN+ReLU, the
deconvolution layer parameter is set to convolution kernel =3 × 3, padding = 1, stride =
2, out padding = 1. The output size of the deconvolution is calculated as Formula 12.

o = s (i− 1) + 2p− k + 2 (12)

Here, i represents the input size, k the convolution size, p the boundary extension, s
the convolution size, and o is the output size.

The feature fusion feature map MDC is subjected to the deconvolution process. The
processed feature map is skip connect with the first pooled processed feature map ,to
achieve feature fusion. Then skip connect the output feature map with the second pooled
feature map to realize feature fusion. According to this idea, sequential deconvolution
processing and skip connect with the first four pooling results C1,C2,C3,C41 to complete
the image feature fusion. Because the dimension and channel dimension of the deconvo-
lution feature map are the same as those of feature extraction. The method of wide-high
correspondence addition is used to fuse the image features, and the MDC of fracture
extraction is obtained. Although MDC has the same resolution as the input image, the
channel dimension is much higher than the input image. Convolution reduction is used
to reduce the high dimensional feature map to 3 dimensions. The number of convolution
kernels is equal to the number of low-dimensional images, that is, the width and height of
convolution kernels are 1. Thus obtains the final image segmentation result Y.

3.4. Merging MSELoss and Adam Parameter Optimization

SGD gradient descent learning rate optimization algorithm [19] has a slow convergence
rate and local optimal solution. The model learning process was optimized using a fusion



Introducing AAMC-Net Algorithm for Image Crack Analysis 1445

of MSELoss and Adam methods. First, the loss value is calculated using MSELoss, and
the loss function is used to calculate the mean square deviation, as shown in Formula 13.

MSELoss (x, y) = (x− y)
2 (13)

Where x is the forecast and y is the label. During the model training process, MSELoss
loss values are calculated every iteration and the results are iterated using the Adam adap-
tive learning rate algorithm [1] [26]. The handling steps are as follows:

1. Initialization. The initial chemical accessibility is θ ,the step length is α ,and the
initialization matrix estimates the exponential rate of decay as β1,β2. β1,β2 as a value
of [0,1]. Initialize the numeric constant δ, initialize the number of updates t = 0, and
compute the MSELoss.

2. Gradient calculation. MSELoss is gradient computed to get the current loss gradi-
ent, as shown in Formula 14.

g = ∇MSELoss (14)

Where g represents the MSELoss gradient, ∇ is the gradient calculation symbol.
3. Calculation of biased moment estimation. The second moment estimate is obtained

by using the partial first moment estimate to calculate the partial first moment estimate of
the gradient as shown in formula 15.

s = β1s+ (1− β1) g (15)

Where s represents the partial first moment estimate of the gradient, and β1 repre-
sents the exponential decay rate of the gradient partial first moment estimate.The partial
first moment estimation of the gradient is introduced into the formula of partial second
moment estimation to correct the influence factor. The calculation is shown in formula 16.

r = β2r + (1− β2) g ⊙ g (16)

Among them, r represents gradient second moment estimation, β2 represents gradient
second moment estimation exponential decay rate.

4. Deviation correction. The first moment estimation is modified to obtain the devia-
tion coefficient. The calculation is shown in formula 17.

r̂ =
r

1− βt
2

(17)

The ŝ represents the correction of the partial first moment deviation of the gradient,
and t represents the number of iterations of the learning rate.The second-order deflection
coefficients are obtained by revising the second-order moment estimation. The calculation
is shown in formula 18.

r̂ =
r

1− βt
2

(18)

Among them, r̂ represents the correction of deviation of gradient partial second mo-
ment.

5. Update learning rates. The first-order moment estimation correction coefficient and
second-order moment estimation correction coefficient are incorporated into the learning
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rate updating formula to calculate and update the learning rate.The calculation is shown
in formula 19.

θi = θi−1 − α
ŝ√
r̂ + δ

(19)

Where θi is the updated learning rate, θi−1 is the previous learning rate. After pro-
cessing, the corresponding learning rate is obtained, which is used for the next training,
and the whole process is repeated until the end of the training.

4. Experimental Results and Discussion

Research using AMD EPYC 7302 16-Core Processor CPU,
NVIDIA GeForce RTX 3090GPU computing power resources. The development uses
the Pytorch deep learning framework and the Numpy framework.

4.1. Data Source

The study used self-collected data, CFD datasets [21] [3],CRACK500 [32] and GAPs384 [5]
datasets, a total of 5800, including different lighting, different scenes. In order to reduce
the difference caused by the external environment, the scale normalization is carried out.
Labelme is used to annotate the data, and the annotation information includes background
and crack. Because of the deficiency of the public dataset and the self-mining dataset, the
existing dataset is expanded by image augmentation. By means of rotation, mirroring, salt
and pepper noise, Gaussian noise, random noise, etc. [22], the original data set is enlarged
to 12800 images, and all image sizes are set to 224× 224pixel.

Salt and pepper noise and random noise were added to the data augmentation, respec-
tively 1.5% and 1%. Random Gaussian noise is used for noise amplification, as shown in
Formula 20.

f (x) =
1√
2πσ

exp

(
− (x− µ)

2

2σ2

)
(20)

Among them, µ represents mean, σ represents standard deviation, µ = 0, σ = 0.05.
After processing, the experimental dataset is obtained. The dataset sample is shown in
Figure 6.

Figure 6shows that A is the original figure, B is the random noise image, C is the salt
and pepper noise image, and D is the Gaussian noise image.

4.2. Analysis of Results

Loss rate analysis of different algorithms The training parameters of UNet networks [35],
UNet++ networks [33], FCN8s networks [15], CRF-CNN [13], Multi-Transformer [24]
are shown in Table 1.

Based on the parameters set in Table 1, the model training of UNet networks [35],
UNet++ networks [33], FCN8s networks [15], CRF-CNN [13],Multi-Transformer [24],
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Fig. 6. Partial data set

Table 1. Training Parameters Configuration Table

Parameter Name Value

InputSize [3,224,224]
OutputSize [3,224,224]
DataSize 12800
BatchSize 2
Epoch 16
LearningRate 10−6

Max iteration 102400

and the training loss process of several algorithms is analyzed. The loss curve is shown in
Figure 7.

As Figure 7 shows,the image illustrates the diminishing trend of iteration losses dur-
ing the training process for six models: AAMCNet, UNet, Multi-Transformer, U-Net++,
FCN8s, and CRF-CNN. It uses the horizontal axis to denote the number of iterations and
the vertical axis to represent the loss rate. This effectively showcases each model’s effi-
ciency in reducing losses over successive training iterations. In the training process of the
six models, with the increase of the number of iterations, the loss value decreases rapidly
at first, and then decreases gradually, and finally approaches convergence. The initial loss
of AAMC-Net model is the lowest, only 0.29. This is due to the use of CBAM mixed
domain attention mechanism twice, which can more effectively focus the important fea-
tures of crack image and enhance the network feature extraction ability. In addition, the
AAMC-Net model converges nearly 10000 iterations, and AAMC-Net converges fastest.
This is due to the use of lightweight VGG L networks and the use of Adma’s MSELoss
adaptive function in model training, which adaptively adjusts the learning rate and helps
the model find the minimum value of the loss function faster.

Subjective Evaluation Analysis In the same experimental environment, the image was
segmented using improved Sobel [31], adaptive threshold algorithm [11], UNet [35],
UNet++ [33], FCN8s [15], CRF-CNN [13],Multi-Transformer [24] and AAMC-Net net-
work respectively. The segmentation effect was shown in Figure 8 and Figure 9.
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Fig. 7. Loss ratio chart

An analysis of algorithm performance was conducted using subjective human evalu-
ation. As shown in Figures 8 and Figures 9, two digital image processing methods out-
perform the CFD dataset in image segmentation. The CFD dataset contains numerous
road surface textures. However, the improved Sobel operator and adaptive thresholding
are highly sensitive, effortlessly capturing subtle variations within the images. In road
crack detection, identifying road surface textures as granular cracks in the CFD dataset
adversely affects the effectiveness of image segmentation.

Within the neural network models, particularly in the segmentation results of UNet,
stemming from the CFD dataset, significant noise is present, which to some extent ham-
pers the segmentation performance. Even though the upgraded version, UNet++, demon-
strates clear crack segmentation results, it struggles in handling image details. This is
attributed to UNet++ filtering redundant information during model training, inadvertently
filtering out crack details. Consequently, UNet++ performs poorly in applications involv-
ing small crack details. While FCN8s progressively integrates Pool3 and Pool4 layers,
thereby effectively retaining some crack details, it still retains a considerable amount of
noise. Although CRF-CNN and Multi-Transformer excel in segmenting image details,
residual noise still impacts the segmentation performance.

In contrast, AAMC-Net effectively mitigates noise interference and simultaneously
captures intricate crack segmentation details. This achievement is owed to the integra-
tion of CBAM during preprocessing and feature extraction stages, enabling the capture
and enhancement of both global and local information. Moreover, the fusion of CBAM
and multi-scale atrous convolution modules for feature extraction facilitates multi-layer
perception of crack features at varying scales, effectively mitigating information loss re-
sulting from pooling. Additionally, this approach mitigates interference from non-crack
information during crack image segmentation processing.
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1.Original drawing 2.Label 3. Improved algorithm 4.UNet++ 5.Muti-Transfomer 6.CRF-CNN
7.FCN8s 8.UNet 9.Improved Sobel operator 10.Adaptive threshold

Fig. 8. shows the segmentation results of the collected data

1.Original drawing 2.Label 3. Improved algorithm 4.UNet++ 5.Muti-Transfomer 6.CRF-CNN
7.FCN8s 8.UNet 9.Improved Sobel operator 10.Adaptive threshold

Fig. 9. shows the segmentation results of the CFD data

4.3. Objective Performance Analysis

The study used improved Sobel [31], adaptive threshold algorithm [11], UNet [35], UNet++ [33],
FCN8s [15], CRF-CNN [13],Multi-Transformer [24] and AAMC-Net network to segment
10 road crack images randomly selected in the validation concentration. After processing,
the processing images shall be evaluated by using cross and merge ratio, accuracy ratio
(Acc), precision ratio, recall ratio and F1 value [36], the processed average results will be
retained to 3 decimal places, as shown in Table 2.

From the table 3, we can see that among the eight comparison algorithm models,
the combination ratio, accuracy ratio, precision ratio, recall ratio and F1 value of the
improved algorithm are the best, 96.310%, 96.379%, 99.550% and 97.008% respectively.
Multitransformer takes second place, and the two digital image processing algorithms
are the worst. The worst of the six models is the Unet network. Compared with the five
network models, the improved algorithm has an average increase of 2.650%, 1.860%,
0.626%, 3.092% and 1.731% respectively.

The AAMC-Net model exhibits superior performance in image crack segmentation,
attributed to the utilization of dual CBAM processes that enhance the crack feature maps
through image strengthening, thereby augmenting the network’s feature capturing capa-
bilities. Additionally, the model benefits from dual-scale atrous convolutions for feature
extraction, where atrous convolutions expand the image’s receptive field. The dual-scale
atrous convolutions effectively capture crack feature information at different scales, en-
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Table 2. Training Parameters Configuration Table

Algorithms IOU Acc Precision Recall F1

AAMC-Net 96.310 96.321 96.379 99.550 97.008
UNet 90.118 91.205 96.134 92.668 94.112
FCN8s 94.014 94.623 95.501 95.486 94.418
UNet++ 94.808 95.812 95.806 97.912 95.542
CRF-CNN 95.163 95.513 95.328 98.116 96.231
Multi-Transformer 95.217 95.826 96.134 98.915 96.532
Adaptive Threshold 93.450 94.685 95.215 98.695 83.115
Improved Sobel 86.650 86.693 86.690 97.195 70.126

compassing local details and global structures, while maintaining robustness against var-
ious interferences. This enhancement amplifies the model’s expressive capacity. Through
analysis of five objective evaluation metrics, the algorithm’s proficiency in crack detail
handling and segmentation performance is once again affirmed.

4.4. Reasoning Speed

In order to verify the real-time detection performance of the algorithm, the real-time per-
formance of road crack processing is evaluated by using a single image crack segmenta-
tion time, the calculation is shown in formula 21.

T =
1

h

h∑
i=1

Qh (21)

Among them, T represents the average time of single image segmentation, h repre-
sents the number of images processed in batches, and Qh represents the time used to
segment the nth image.

The study used UNet [35], UNet++ [33], FCN8s [15], CRF-CNN [13],
Multi-Transformer [24] and AAMC-Net network to train in the same experimental en-
vironment. The training time of six network models is analyzed and the average segmen-
tation time of single crack image after training is compared. The result is 3 decimal places,
as shown in Table 3.

Table 3. Training Parameters Configuration Table

Model AAMC-Net UNet FCN8s UNet++ CRF-CNN Multiscale CRF

Average split time(s) 0.240 0.242 0.256 0.276 0.332 0.344
Training time(min) 241 245 278 306 332 345

As can be seen from Table 4, among the six algorithms, AAMC-Net has the short-
est model training time and average detection time per image, followed by UNet, while
Multi-Transformer takes the most time. When analyzed in conjunction with Table 3, al-
though the training and average detection time of the UNet model are not significantly
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different from those of AAMC-Net, the average accuracy rate of crack segmentation in-
creased by 5.609%. Compared to the most effective Multi-Transformer, the average ac-
curacy of crack segmentation increased by 0.517%, but the time for crack detection and
model training decreased by 30.233% and 30.145% respectively. In real-time scenarios
like road monitoring or instant image analysis, the response speed and accuracy of algo-
rithms are paramount. The efficiency advantage of the improved algorithm is confirmed
through actual model training and random crack image segmentation detection. The time
advantage of the AAMC-Net architecture stems from reducing convolution and pooling
layers in the VGG 16 model and integrating CBAM to optimize the output of traditional
convolutions.

By decreasing the number of convolution and pooling layers in the VGG 16 model,
AAMC-Net significantly reduces computational complexity, leading to a marked decrease
in model training time. This is especially valuable in real-time scenarios, enabling quicker
retraining of the model to adapt to environmental changes like weather or lighting condi-
tions.

The integration of CBAM in the algorithm optimizes feature extraction, focusing more
on key image areas and enhancing crack detection capabilities. The inclusion of this atten-
tion mechanism heightens sensitivity to crack features, maintaining high accuracy even in
complex backgrounds or various crack types.

AAMC-Net, using multi-scale dilated convolutions, captures a broader context with-
out adding extra parameters. This means comprehensive image content understanding
without increasing computational burden, crucial for analyzing images at different reso-
lutions and aiding real-time systems to adapt to diverse input conditions.

The algorithm also simplifies the training process and speeds up model convergence
by automatically adjusting the learning rate with an adaptive MSELoss learning function.
In real-time applications, this translates to rapid transfer training across different task
scenarios, quicker convergence, and reduced model training time.

In experiments, AAMC-Net, compared with other advanced algorithms, displayed
shorter average detection times and higher accuracy in crack segmentation. These re-
sults demonstrate its potential in real-time applications, as it quickly identifies and locates
cracks while maintaining high accuracy. This is critical for applications requiring imme-
diate response, such as monitoring road conditions in intelligent traffic systems or rapidly
identifying and assessing road damage in disaster management systems for swift deploy-
ment of repair work and emergency measures.

4.5. Ablation Experiment

In order to study the effectiveness of the algorithm, the image segmentation of VGG 16,
VGG 10, VGG L, VGG 10 + CBAM and the improved algorithm model were studied un-
der the same experimental environment. The segmentation results are shown in Figure 10,
and the ablation analysis results are shown in Table 4.

The results of ablation experiments in Table 4 show that the average segmentation
time of IOU, ACC, Precision, Recall and fracture images of AAMC-Net is the best.
Compared with the ablation experiment, the VGG 10 fused with CBAM is better than
VGG 10. The results show that CBAM can enhance the ability of image feature extrac-
tion and improve the performance of image segmentation. VGG 10 image fused with
CBAM attention mechanism module has better performance of crack segmentation and
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1.Original image 2.Label Image 3.AAMC-Net Algorithm 4.VGG L 5.VGG 16
6.CBAM+VGG 10 7.VGG 10

Fig. 10. Ablation experimental segmentation

Table 4. Training Parameters Configuration Table

Algorithms IOU Acc Precision Recall F1 Average split time(s) Training time(min)
VGG 16 94.221 94.332 94.618 96.126 95.012 0.271 298
VGG 10 89.112 88.604 88.482 88.909 87.826 0.226 221
VGG L 94.815 95.321 95.212 98.132 96.810 0.235 236
VGG 10+CBAM 94.151 94.214 94.371 95.825 93.712 0.229 230
AAMC-Net 96.25 96.351 96.382 99.532 97.008 0.240 241

less interference in image segmentation. The training time of the model and the aver-
age segmentation time of single image increase little. The results showed that multi-scale
cavity convolution could enhance the receptive field in convolution process. The aim is
to enhance the ability of different size feature extraction and improve the performance of
image segmentation. Compared AAMC-Net with VGG 16, the performance of AAMC-
Net is better than VGG 16. The model training time and detection time are better than
VGG 16. Ablation experiments show that AAMC-Net is robust and optimized based on
VGG 16.

5. Conclusion

In this paper, we have introduced the AAMC-Net convolutional neural network algo-
rithm, which leverages the mixed domain attention mechanism to enhance feature ex-
traction from the feature map. Through the integration of MSE loss and Adam during
global learning and iterative training, the network model achieves improved performance
for road crack segmentation and demonstrates its applicability in various image segmen-
tation domains.

Our algorithm exhibits notable strengths in detail processing, model training, and real-
time detection on single images. It successfully addresses the challenge of road crack
segmentation with promising results. Furthermore, the flexibility of its application to other
image segmentation tasks highlights its potential in broader contexts.
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However, it is essential to acknowledge that the algorithm demands substantial com-
puting resources, necessitating further optimization efforts. Additionally, the algorithm
can only directly process images that conform to the input dimensions, which may not
meet the general requirements of real-time applications. It’s worth noting that there is
still room for improvement in terms of multi-object real-time segmentation, in order to
enhance segmentation efficiency. In the future, we plan to concentrate on optimizing the
algorithm to enhance its computational performance, explore a universal detection archi-
tecture for multi-scale images, all while maintaining its effectiveness.

In conclusion, the AAMC-Net algorithm showcases significant advancements in im-
age crack segmentation detection. As we continue to refine and optimize this approach, we
anticipate its continued relevance and applicability to various image segmentation tasks,
contributing to the advancement of the field.
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Abstract. In light of the escalating advancements in architectural intelligence and
information technology, the construction of smart cities increasingly necessitates a
higher degree of precision in architectural measurements. Conventional approaches
to architectural measurement, characterized by their low efficiency and protracted
execution time, need to be revised to meet these burgeoning demands. To address
this gap, we introduce a novel architectural image processing model that syner-
gistically integrates Restricted Boltzmann Machines (RBMs) with Convolutional
Neural Networks (CNNs) to facilitate the conversion of 2D architectural images
into 3D. In the implementation phase of the model, an initial preprocessing of the
architectural images is performed, followed by depth map conversion via bilateral
filtering. Subsequently, minor voids in the images are rectified through a neighbor-
hood interpolation algorithm. Finally, the preprocessed 2D images are input into
the integrated model of RBMs and CNNs, realizing the 2D to 3D conversion. Ex-
perimental outcomes substantiate that this novel model attains a precision rate of
97%, and significantly outperforms comparative algorithms in terms of both run-
time and efficiency. These results compellingly corroborate our model’s superiority
in architectural image processing, enhancing measurement accuracy and drastically
reducing execution time.

Keywords: Building image; Boltzmann machine; Convolution neural network; Bi-
lateral filtering; Neighborhood difference; 2D to 3D.

1. Introduction

As smart cities undergo rapid development, the digitization of architecture has emerged as
a pivotal trend in modern urban development and transformation within the real estate in-
dustry. In this context, the enhancement of architectural measurement accuracy becomes
increasingly critical. However, traditional methods of measurement, such as manual and
mechanical techniques, are inefficient and cumbersome, failing to meet the demands of
contemporary society [25]. These approaches are labor-intensive and time-consuming and

⋆ Corresponding Author
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fall short in ensuring accuracy when dealing with complex architectural forms. Further-
more, the increasing complexity of modern architectural forms exacerbates the limitations
of conventional image processing methods, including low accuracy and extended execu-
tion time [33].

In the realm of three-dimensional reconstruction, deep learning has manifested sig-
nificant potential and a broad spectrum of application prospects. Initially, theoretical ad-
vantages of deep learning can be observed. For instance, the article [23] introduces a
Convolutional Restricted Boltzmann Machine model for image segmentation. Despite its
high computational complexity and slow training, hindering its widespread application in
3D reconstruction, the theoretical merits of this approach warrant attention. Secondarily,
deep learning technologies have also unveiled new possibilities in practical applications.
The article [37] employs an AlexNet Convolutional Neural Network model infused with
transfer learning principles, maintaining high accuracy even with limited data, thereby
offering a novel perspective for 3D reconstruction. However, certain technical challenges
remain to be addressed. For example, the image transformation time in the 11-layer deep
Convolutional Neural Network model built upon the GoogLeNet model, as described in
the article [43], is excessively lengthy, compromising real-time application efficiency. A
small DNN architecture called SqueezeNet is proposed in the literature [30], which deep
neural networks for 3D reconstruction applications have improved accuracy, achieving
comparable accuracy to AlexNet on the ImageNet dataset but with 50 times fewer number
of parameters, which opens up a new path for efficient and accurate 3D model construc-
tion, but the architecture suffers from size constraints, computationally intensive prob-
lems. A new channel pruning method, Xception, is proposed in the literature [28], which
not only significantly reduces the cumulative error, but also enhances the compatibility of
the network with a variety of architectures, and can be used to accelerate very deep con-
volutional neural networks, which significantly improves the efficiency of the network
operation while maintaining the accuracy, but the model has limitations in the small-
sample constraints, and has a large number of parameters. An efficient model MobileNet
for mobile and embedded vision applications is proposed in the literature [29], which uses
depth-separable convolution to build lightweight deep neural networks and has wide ap-
plicability and superior performance in advanced vision tasks such as 3D reconstruction,
but has significant limitations in terms of computational and spatial complexity.

Further research includes the multi-view stereo matching method based on deep learn-
ing proposed in the article [10], achieving precise 3D reconstruction through multi-angle
image fusion; the in-depth exploration of deep learning in point cloud data processing
in the article [24], resulting in fine-grained 3D model reconstruction; and the article [32]
overcoming some of the challenging issues in traditional 3D reconstruction by combining
deep learning with geometric learning. While these studies offer new perspectives and
methods, such as those discussed in articles [31] and [9] concerning indoor and outdoor
architectural 3D reconstruction, challenges persist in model generalization, data acquisi-
tion, and processing. Consequently, there remains a necessity to explore more efficient
and precise methodologies in the field of architectural measurement and to identify suit-
able deep learning models for solving associated problems. This will not only enhance
the accuracy of architectural measurements but also contribute to breakthroughs in the
development of architectural digitization. Within this context, the processing of architec-
tural images from two to three dimensions is of particular significance. By transforming
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2D architectural images into 3D models, one can both improve measurement accuracy
and significantly enhance efficiency, thereby fulfilling the needs of contemporary soci-
ety [26] [13] [1]. When selecting deep learning models, factors such as complexity, train-
ing speed, and accuracy should be considered [5] [20], and the impact of training data
volume on model performance should be noted [35] [17].

This study introduces an innovative approach based on a deep learning model aimed at
generating corresponding 3D architectural images from inputted 2D architectural images.
Compared to existing deep learning methods for 3D reconstruction, the distinctiveness
and innovative contributions of this research can be summarized in three main aspects.
Firstly, in terms of model architecture, this study amalgamates Restricted Boltzmann Ma-
chines (RBMs) with Convolutional Neural Networks (CNNs), creating a stark contrast
with standalone deep learning models such as GoogLeNet and AlexNet mentioned in
the literature. Secondly, the image preprocessing stage in this research incorporates bilat-
eral filtering algorithms and neighborhood interpolation algorithms, specific preprocess-
ing techniques not explicitly discussed in existing articles. Lastly, this research focuses
on the transformation of 2D architectural images into 3D, whereas the scope of literature
encompasses a broader array of 3D reconstruction applications, including image segmen-
tation and multi-view stereo matching. The confluence of these three aspects ensures a
marked distinction of this study in terms of model architecture, preprocessing techniques,
and application domain when compared to extant research, thereby exhibiting unique in-
novative value. More specifically, the workflow of the model is divided into two modules:
image preprocessing and model transformation. In the image preprocessing module, depth
acquisition and void-filling are achieved for the original 2D architectural images through
bilateral filtering and neighborhood interpolation. Subsequently, in the model transforma-
tion module, these preprocessed images are input into the fused RBM and CNN model for
3D conversion. This targeted and specialized approach not only enhances the accuracy of
measurements but also significantly boosts efficiency, thus better catering to the specific
demands of architectural measurement in modern society.

2. Related Work

2.1. Bilateral Filtering Algorithm

Filtering constitutes a crucial technique in image processing [11], effectively eliminating
image disturbances such as noise and blur to enhance image quality. Filters, encompass-
ing both frequency-domain and spatial-domain filters, smooth the image by summing or
convolving the pixels, thereby reducing noise and unnecessary detail. Frequency-domain
filters operate in the image frequency domain, eliminating specific frequency components;
spatial-domain filters operate in the spatial domain, altering pixel values, as indicated in
equation1.

GC[I]p =
∑

Gσ(∥p− q∥)Iq (1)

Gaussian filtering represents a significant image processing technique that accom-
plishes linear smoothing of the image through weighted averaging, effectively eliminat-
ing Gaussian noise and enhancing image quality. In Gaussian filtering, the magnitude
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of the weights is associated with the spatial distance between pixels, implying that pix-
els closer to the center pixel exert greater influence on the filtering outcome due to their
larger weights. However, this approach has its limitations. If the distance between pixels
is excessively large, even adjacent pixels could exhibit considerable disparities in their
weights [39] This could result in a loss of detail in the filtering outcome, diminishing the
local visual effects of the image. More importantly, such blurring in the filtering results
could adversely impact subsequent image processing steps. Therefore, when employing
Gaussian filtering, it is imperative to meticulously select appropriate weights to ensure
the quality of the filtering outcome.

Bilateral filtering is a nonlinear filtering technique extensively employed in image
processing, introduced by Tomasi et al. in 1998 [38]. The uniqueness of bilateral filter-
ing lies in its simultaneous consideration of both the image domain and the value range,
enabling it to better preserve image detail during processing. The definition of bilateral
filtering closely parallels that of Gaussian filtering, both being realized through weighted
averaging based on neighborhood definitions [19]. However, the method of weight mea-
surement in bilateral filtering diverges from that in Gaussian filtering. In bilateral filtering,
researchers opt for dual weight values to handle pixel values, thereby more adequately ac-
counting for the variances between adjacent pixels. This approach, nevertheless, has its
limitations. If the discrepancies between two pixels are excessively large, they may re-
ciprocally affect each other, inducing unwarranted errors. To circumvent this, researchers
introduce a sufficient number of influencing factors in both pixel values and spatial posi-
tions to ensure the quality of the filtering result. This method yields favorable outcomes
when applied to images with complex textures and details. The definition of bilateral fil-
tering is as shown in equation 2.

BF [I]p =
1

Wp

∑
q∈S

Gσs(∥p− q∥)Gσr(|Ip − Iq|)Iq (2)

Herein, Wp represents the normalization factor; Iq denotes the input image; BF [I]p
signifies the filtered image;

∑
q∈S

Gσs ||p− q|| is the spatial weight function; and Gσr (|Ip − Iq|) Iq

is the distance weight, with the sum of the weights equating to 1, as illustrated in equa-
tion 3.

Wp =
∑

q∈S
Gσs(∥p− q∥)Gσr(|Ip − Iq|) (3)

Bilateral filtering is particularly well-suited for the preprocessing of depth maps [21].
Depth maps, whether directly acquired through cameras or generated algorithmically, are
susceptible to noise. Such noise may result in small voids in the target image during vir-
tual viewpoint synthesis utilizing depth maps. To mitigate this noise, research employs
filtering to preprocess depth maps, effectively reducing distortions and voids within them.
However, some conventional filtering methods, such as Gaussian or median filtering, risk
the loss of edge information in images, leading to cracks and voids. Therefore, the reten-
tion of edge information is of paramount importance, as it allows for image smoothing
while preserving salient features. Bilateral filters consist of two filter components: one as-
sociated with geometric spatial distance and the other with pixel differences. This design
enables the bilateral filter to effectively reduce noise and voids while preserving edge in-
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formation when processing depth maps, thereby enhancing the overall image processing
outcome. The complete bilateral filter is as delineated in equation 4.

f(x, y) =

∑
(i,j)∈Sx,y

w(i, j)g(i, j)∑
(i,j)∈Sx,y

w(i, j)
(4)

Herein, Sx,y represents the neighborhood of the central point at coordinates (x, y)
with a dimension of (2N + 1) ∗ (2N + 1), N is an integer, g(i, j) denotes the original
image, and f(x, y) signifies the image post-filtering. The weight coefficient w(i, j) is
composed of the product of two parts: the range filtering coefficient wr(i, j) and the
spatial filtering coefficient ws(i, j), as illustrated in equations 5 and 6.

Wr(x, y) = exp(−

∣∣∣g(i, j)− g(x, y)
2
∣∣∣

2σ2
r

) (5)

Ws(i, j) = exp(− (i− x)
2
+ (j − y)

2

2σ2
S

) (6)

Herein σS is the spatial proximity factor and σr is the luminance similarity factor. For
a given image, its value is fixed.

2.2. RBM

Restricted Boltzmann Machines (RBMs) are a derivative of Boltzmann Machines (BMs),
which are generative stochastic neural network models capable of learning and repre-
senting complex data distributions, thereby generating new samples similar to the train-
ing data [42]. However, their training process typically requires extensive computational
resources and time. To address this issue, researchers introduced Restricted Boltzmann
Machines (RBMs). RBMs substantially simplify the model’s architecture and learning
process by removing connections within the same layer. In the present study, RBMs are
primarily employed for feature extraction from images. The energy function serves as the
foundational descriptor of the overall structure and operations of the RBM, as delineated
in equation 7.

E(v, h) = −
∑
i

aivi −
∑
j

bjhj −
∑
i,j

vihjwij (7)

Herein, v and h represent the states of the visible and hidden layers, respectively. ai
and bi are the bias terms, and wij denotes the weights.

Layers of the RBM The Restricted Boltzmann Machine (RBM) is composed of two
primary layers: the visible layer and the hidden layer [12]. The visible layer serves as the
input interface of the RBM and is alternatively referred to as the observational layer. This
layer comprises all observable data nodes, each of which represents a specific feature of
the data. The principal function of the visible layer is to receive input data and relay this
information to the hidden layer. By forming weighted connections with the hidden layer,
the visible layer is capable of capturing the rudimentary structure and patterns inherent in
the data.
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The term “restricted” in Restricted Boltzmann Machine refers to the absence of con-
nections between nodes within the same layer. This distinguishes RBMs from traditional
Boltzmann Machines, where intralayer node connections are fully permitted. By eliminat-
ing these intralayer connections, RBMs substantially reduce both model complexity and
computational requirements. This streamlined architecture not only simplifies the training
process but also helps mitigate the risk of overfitting, making the model more scalable to
large datasets. RBM achieves effective learning and representation of data distributions
through the collaborative training of its visible and hidden layers, and by optimizing the
weights between them. The advanced features and concepts captured by the hidden layer
facilitate the model’s understanding and reconstruction of complex data structures. This
makes RBMs a potent tool for feature extraction and generative modeling, and they are
widely employed in tasks related to unsupervised learning and deep learning.

The integration of a two-layer architecture—comprising the visible and hidden lay-
ers—and restricted connectivity design offers an efficient, flexible, and robust approach
for learning and representing complex data distributions. The visible layer directly en-
gages with the input data, while the hidden layer is responsible for capturing higher-order
features and structures within the data. This design imbues RBMs with extensive applica-
bility and superiority in handling a wide array of tasks in unsupervised learning and deep
learning.

RBM activation function In RBMs, the probability distribution of the nodes in the hid-
den layer can be articulated using the Sigmoid activation function. Given the state v of
the visible layer, the activation probability for the hidden layer nodes hi is delineated as
shown in equation 8.

P (hi = 1| v) = σ(
∑
i

viwij + bj) (8)

Herein, σ represents the Sigmoid activation function, vi denotes the state in the visible
layer nodes i, wij is the weight between the visible layer nodes i and the hidden layer
nodes j, and bj signifies the bias term for the hidden layer nodes j.

The Sigmoid activation function possesses the characteristic of mapping continu-
ous inputs into a probability distribution. By employing the Sigmoid function, RBMs
are capable of converting the linear combinations between the visible and hidden lay-
ers into probability values, representing the activation probabilities of the hidden layer
nodes. These probability values are subsequently utilized in the sampling and inference
processes, aiding the model in learning and generating the underlying data distribution.
Through such an activation mechanism, RBMs effectively capture complex patterns and
structures within the data, encoding and interpreting them probabilistically.

Loss Function RBMs employ Contrastive Divergence (CD) as their loss function. This
study analyzes the limitations of the Contrastive Divergence method and introduces a
feedback mechanism to optimize the training process.

The Contrastive Divergence loss function is described as shown in equation 9.

CDn = ⟨E(v, h)⟩data − ⟨E(v′, h′)⟩model (9)
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2.3. Convolutional Neural Networks (CNN)

Layers Convolutional Neural Networks (CNNs) are a form of deep feed-forward neural
networks [2], where n represents the number of Gibbs sampling steps, and ⟨·⟩ symbolizes
expectation. The training procedure primarily comprises three key phases: the forward
pass, starting from the visible layer and calculating the probabilities in the hidden layer
using the Sigmoid activation function, followed by sampling; the backward pass, com-
mencing from the hidden layer and employing the same Sigmoid function to compute the
reconstruction probabilities of the visible layer, also followed by sampling; and finally,
weight updates, where gradients are computed based on the results of the forward and
backward passes and applied using gradient descent methods.

However, two significant drawbacks exist in this training regimen. Firstly, Contrastive
Divergence (CD) employs approximation techniques, which may not accurately capture
the true data distribution. Secondly, CD is susceptible to local optima, leading to subopti-
mal training results. To mitigate these issues, this study introduces a feedback mechanism
to optimize the training process. Specific improvements include: dynamic adjustment of
the learning rate by monitoring loss variations to avoid local minima and accelerate con-
vergence; the incorporation of regularization techniques, specifically L1 regularization, to
enhance the model’s generalization capabilities and prevent overfitting; and an increase
in the number of Gibbs sampling steps to improve the accuracy of CD training and bet-
ter approximate the true data distribution. This comprehensive approach ensures training
accuracy and efficiency, effectively overcoming the limitations of traditional CD methods.

Artificial Neural Networks [7], particularly Convolutional Neural Networks (CNNs),
are exceptionally suited for image recognition tasks [6]. The fundamental architecture of
CNNs comprises convolutional layers, pooling layers, and fully connected layers.

The objective of the convolutional layer is to extract features from the image through
convolution operations, as indicated in equation 10.

Fi,j =
∑
m

∑
n

Km,n · Ii+m,j+n + b (10)

Herein, Fi,j represents an element of the feature map, Km,n denotes an element of
the convolutional kernel, Ii+m,j+n signifies an element of the input image, and b is the
bias term.

This study employs max pooling, as illustrated in equation 11.

Pi,j = max
m,n

Ii+m,j+n (11)

The fully connected layer transforms the output from the preceding layer into a one-
dimensional array, which is then fed into the subsequent layer. Given N inputs and M
outputs, the mathematical representation of the fully connected layer is as indicated in
equation 12.

Oj =

N∑
i=1

Wi,j · Ii + bj (12)

Herein, Oj represents the value of the output node, Wi,j denotes an element of the
weight matrix, Ii signifies the value of the input node, and bj is the bias term.



1464 Qianying Zou et al.

Activation Functions This study employs the ReLU (Rectified Linear Unit) [3] nonlin-
ear activation function to enhance the nonlinear expressive capability of the Convolutional
Neural Network (CNN) model. The mathematical expression of the ReLU activation func-
tion is f(x) = max(0, x), such that its graphical representation appears as a piecewise
linear curve. Specifically, the output is zero when the input is less than zero, and the output
is equal to the input when it is greater than or equal to zero. Although the ReLU function
may appear linear graphically, it is inherently nonlinear, enabling it to handle complex
problems, especially within deep learning models. The computation of ReLU is remark-
ably simple and efficient, requiring only a check to determine whether the input is greater
than zero, thereby reducing the demands on training time and computational resources.
Additionally, given that the gradient of the ReLU function is 1 in the positive interval, it
helps to mitigate the vanishing gradient problem, particularly in deep networks. In CNNs,
the ReLU activation function is commonly applied following the convolutional and fully
connected layers to increase the model’s nonlinear expressive power, thereby enhanc-
ing predictive accuracy and generalization capabilities. Overall, due to its straightforward
mathematical formulation, nonlinear properties, computational efficiency, and ability to
alleviate the vanishing gradient problem, the ReLU activation function finds extensive ap-
plication in the realm of deep learning. By utilizing ReLU in CNNs, this study aims to
construct a more effective and robust model [15].

Loss Function The loss function serves as a metric for assessing the disparity between
the model’s predictions and the actual labels, and its selection is contingent upon the na-
ture and objectives of the task at hand [14]. In this study, which focuses on classification
tasks, Cross-Entropy Loss [34] is employed as the loss function. Cross-Entropy Loss is
commonly used in multi-classification problems, and its mathematical expression is de-
noted as Loss = −

∑
i yi log(ŷi), where yi represents the i th element of the actual label,

usually taking values of 0 or 1, and ŷi is the i th element of the model’s prediction, with a
value range between 0 and 1. The role of Cross-Entropy Loss is to measure the divergence
between the predicted probability distribution and the true probability distribution of the
labels, making it suitable for scenarios where the model’s output is a probability distri-
bution. In the context of binary classification, it is equivalent to the log-likelihood loss
in logistic regression and imposes a more severe penalty for confidently incorrect classi-
fications. By judiciously selecting and applying Cross-Entropy Loss, this study aims to
accomplish accurate classification tasks and effectively guide model training.

3. Method

3.1. Improved Neighborhood Interpolation Method for Small Hole-Filling

This study employs a neighborhood interpolation method for filling small holes, as cited
in [27]. Given that most small holes are vertically contiguous—meaning holes exist both
above and below the target hole—relying solely on the 8 adjacent pixels of the hole would
result in underutilization of surrounding information. Therefore, we extend laterally to
include two additional pixels, denoted as A2 and E2, as reference pixels for hole-filling, as
proposed in [22]. Considering that the correlation between a pixel and the hole increases
as they are closer to each other, the weights are assigned in such a manner that pixels
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farther away from the hole have smaller weights, while those closer have larger weights,
thereby ensuring effective hole-filling. The DIBR method, as per references [40] [36],
generates left and right views of the image with different disparities, employing the same
filling methodology. The relationship between the holes and the adjacent pixels used for
filling is summarized in Table 1.

Table 1. Relationship Diagram between Holes and Adjacent Pixels Used for Filling

A1 B1 C1 D1 E1

A2 B2 C2 D2 E2

A3 B3 C3 D3 E3

Assuming C2 is a hole point, it is filled using the ten pixels B1, C1, D1, B2, D2,
B3, C3, D3, A2 and E2. However, it is possible that some of the pixels used for filling
may also be holes, and not all of these ten pixels may be empty. Therefore, it is essential
to discuss the number of hole points within these pixels. Different filling methods are
proposed based on the number of filled points within these pixels. If none of the ten
pixels are holes, the filling formula is as indicated in equation 13.

C2 = (B1 + C1 +D1 +B2 +D2 +B3 + C3 +D3)ω1 + (A2 + E2)ω2 (13)

Where ω1 and ω2 are the filling parameters. Let m denote the number of holes in the 8-
pixel neighborhood of C2, and n denote the number of holes in the pixels A2 and E2. The
number of hole points may have some influence on the filling outcome. If m is less than 8
and n is less than or equal to 2, the hole-filling formula is as indicated in equation 14.

C2 =
8ω1

8−m
(B1 + C1 +D1 +B2 +D2 +B3 + C3 +D3) +

2ω2

2− n
(A2 + E2) (14)

If m = 8 and n < 2, the hole-filling formula is as indicated in equation 15.

C2 =
10ω2

2− n
(A2 + E2) (15)

If m < 8 and n = 2, the hole-filling formula is as indicated in equation 16.

C2 =
10ω1

8−m
(B1 + C1 +D1 +B2 +D2 +B3 + C3 +D3) (16)

Through the methods described above, holes within the image can be effectively filled
by utilizing the adjacent pixels, thereby resolving issues related to the presence of holes
in the image. However, if the area of the hole is large and there is insufficient pixel infor-
mation surrounding it, such holes are considered unrepairable large holes. Edge portions
generally do not contain critical information; thus, they can be filled using corresponding
positions from the original image.



1466 Qianying Zou et al.

3.2. RBM+CNN for Image Recognition

This study integrates Restricted Boltzmann Machines (RBM) with Convolutional Neu-
ral Networks (CNN) algorithms for training on input images. The RBM is responsible
for extracting crucial features from the raw images, while the CNN takes on the task of
transforming these features into specific recognition outcomes. The architecture of the
integrated network is illustrated in Figure 1.

Fig. 1. Conversion effect

As shown in Figure 1, the RBM and CNN integrated network in this study comprises
the following key components:

1) Input Layer: Image data are fed into the visible layer of the RBM, with each pixel
corresponding to a visible unit. This layer serves to present the raw image data to the
network.

2) RBM Hidden Layer: The hidden layer of the RBM is responsible for extracting fea-
tures from the images. Each hidden unit acts as a feature detector and is not inter-
connected with other hidden units, only sharing bidirectional connections with the
visible units. This design enhances computational efficiency and feature extraction
capabilities.

3) Convolutional Layer: Transfers from the RBM’s hidden layer to the CNN’s convo-
lutional layer for further spatial feature extraction. Each neuron in the convolutional
layer is connected to a localized region in the preceding layer and utilizes a shared
weight matrix (i.e., convolutional kernel) for computation. This helps capture spatial
dependencies within the image.

4) Pooling Layer: Performs downsampling to reduce the number of parameters. Each
neuron in the pooling layer connects to a small region in the preceding layer and em-
ploys a max-pooling function for computation. This layer minimizes computational
demands while retaining feature significance.

5) Fully Connected Layer: Serves as the final decision-making layer for classification.
Each neuron in this layer is connected to all neurons in the preceding layer and em-
ploys a ReLU activation function for computation. This ensures the network can per-
form complex nonlinear mappings.

6) Output Layer: Presents the final classification outcome. Each neuron in the output
layer corresponds to a specific class and employs a softmax activation function for
computation. This ensures that the output is represented as a probability distribution,
with each element indicating the predicted probability of the corresponding class.
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Overall, the integrated RBM and CNN network structure leverages the strengths of
both models, offering a hierarchical approach for image feature extraction and classifica-
tion, and demonstrating considerable flexibility and performance [16].

This study begins with an analysis of the shortcomings of the Contrastive Divergence
method using a Restricted Boltzmann Machine (a sub-model of the Boltzmann Machine)
and introduces a feedback mechanism, as cited in [41]. Given the high computational cost
of direct gradient use, stochastic sampling is employed for gradient estimation. A subset
X ′ of the original X set is obtained to ensure that their distributions are approximately
consistent. The gradient parameters (e, f, v) indicated here require continuous updates in
the Contrastive Divergence method of the RBM algorithm. The learning process in the
Boltzmann Machine (e, f, v) can also be represented as an updating process. Therefore,
RBM (e, f, v) can likewise be depicted as an iterative process.

The training and learning process of the model relies on samples obtained through
sampling, which directly influence the effectiveness of the training classification. Upon
completion of sampling, a feedback mechanism [4] can be introduced to better optimize
the parameters. The RBM model is considered in terms of network input (X) and network
output (Y ), and sampling is performed for both inputs and outputs. The sampling process
for X . and Y is defined as sample positive. It calculates the similarity between Y , X ,
and X ′, and the sampled output of Y given X is defined as sample negative. To obtain
optimal parameters, multiple samples are required. The best parameters are identified
when the sample distance is reduced or approaches the first node. When the distance
changes, the bias could have optimal parameters, and sampling terminates. The number
of iterations (C) is arbitrary and depends on the treatment of the sampled examples. For
any training sample Xi, the current position of the sample is represented as X (0) = Xi.
The Contrastive Divergence method based on the feedback mechanism is as indicated in
equation 17.

∆Wji = Orjbji (17)

In the convolutional computations, rj represents the adjustment coefficient of the sam-
pling element j in the overall connection gradient bias. bji represents the amount of data
acquired by element wji in a given direction. The corresponding learning rate is denoted
by O. The adjustment amount for the i th input weight of the sampling element j can be
represented as indicated in equation 18.

∆P l
fmap−i =

N∑
j−1

convn
(
∆P l+1

fmap−j , inv
(
Kl+1

ij

))
(18)

In the convolutional computation process, K denotes the convolutional kernel ma-
trix. The feature changes in the convolutional layer must be acquired through backtrack-
ing methods. If I represents the sampling layer, then I signifies the convolutional con-
nections. Node i, corresponding to the non-wired layer, has N convolutional rollbacks
and can be viewed as the sum of N elements. During hierarchical transmission, the for-
ward convolutional matrix is PI + 1 with dimensions Size

(
PI, 1

)
− Size (K, 1) + 1.

The backward convolutional matrix is PiPi, with corresponding dimensions described
as Size

(
PI+1, 1

)
+ Size (K, 1)− 1. Convolutional kernel flipping is employed, and dur-
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ing this flipping process, the bias matrix of the ith feature map in the lth layer of M-
dimensional convolutional operation is as indicated in equation 19.

∆Kl
ij = convn∆P l

fmap−j , inv
(
P l−1
fmap−i

)
(19)

The output bias (∆P l−1
fmap−i) is derived from the flipped convolutional kernel inv

(
Kl+1

ij

)
and the input bias matrix (∆P l−1

fmap−i). Using backtracking methods, the bias of the con-
volutional kernel matrix can be further obtained from the flipped input bias matrix and
output bias matrix, as indicated in equation 20.

K
(t)
ij = K

(t−1)
ij −∆Kij (20)

When progressing through layers from I = 2 forward, the kernel state at a given time
t− 1 is obtained by applying the convolutional kernel bias to the kernel state Kij

(t−1) at
the preceding time t, as indicated in equation 21.

∆W
(t)
ji = W

(t−1)
ij −∆Wij (21)

Through the derived kernel bias function, one can further extend to the states of the
ith feature volume matrix at the first layer for different time instances, as indicated in
equation 22.

∆W
(t)
ji = Orjbji + β∆W

(t−1)
ji (22)

Here, a momentum term is introduced to describe the state of the corresponding fea-
ture volume bias matrix, aiming to accelerate convergence. β represents the momentum
coefficient, with a value range of [0, 1]. When β = 0, it is capable of representing the
state of the corresponding feature volume bias matrix at time t.

3.3. Image Transformation Results

In the experiment, we selected an indoor corridor as the scene and achieved the trans-
formation from 2D to 3D through different stages of image processing. As depicted in
Figure 2, the four stages are as follows: Fig0.2(a) The original 2D grayscale image: This
serves as the starting point of the experiment and showcases the basic appearance and
shape of the corridor. Fig0.2(b) Foreground and background segmentation: At this stage,
the image is segmented into foreground and background, with white representing the fore-
ground and black representing the background. This helps to emphasize the main features
of the corridor. Fig0.2(c) Pre-processed depth map: The image undergoes pre-processing
to generate a depth map, which contains spatial depth information of the corridor and
lays the groundwork for 3D reconstruction. Fig0.2(d) 2D-to-3D reconstruction: Utilizing
the previous processing steps, the 2D image is successfully transformed into a 3D effect
image, revealing the three-dimensional appearance of the corridor.

Through these four sequential stages, we are able to start with the original 2D grayscale
image, progressively unveil the structure of the corridor, and ultimately achieve a 2D-to-
3D transformation. Each stage provides necessary information and a foundation for the
subsequent stage, forming a coherent and logical processing workflow.
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(a) The original 2D
grayscale image

(b) Foreground and back-
ground segmentation

(c) Pre-processed depth
map

(d) 2D-to-3D reconstruc-
tion

Fig. 2. Effects of the 2D-to-3D Processing Workflow

4. Result and Discussion

4.1. Experimental Environment

The experiments are conducted using a Dell Precision T7960 graphics workstation, the
main parameters of which include the use of an Intel Xeon W7-3465X 28-core processor
with a frequency of 2.5 GHz, equipped with a 1 TB or 2 TB SSD and 16 TB mechanical
hard disk storage solution, as well as a high-end four NVIDIA RTX 6000 Ada graphics
cards. The experiments runs on a Linux operating system, the datasets utilized include the
GlobalMLBuildingFootprints open-source dataset, architectural images from ADE20K,
and the WHU Building Dataset for building detection.

The model was trained on a curated subset of the GlobalMLBuildingFootprints open-
source dataset and validated on architectural images from ADE20K as well as the WHU
Building Dataset. In total, 1,317,000 architectural images were used, with 790,000 images
in the training set, 263,000 images in the test set, and 261,800 images in the validation
set.

4.2. Comparative Experiment on Hole-filling

To enhance the accuracy of image transformation, a hole-filling algorithm was introduced
for image pre-processing, specifically targeting the repair of small holes at the edges of the
depth map [8]. The evaluation metrics used in this experiment are Peak Signal-to-Noise
Ratio (PSNR) and Mean Squared Error (MSE), defined by equations 23, 24, respectively.

PSNR = 10 · log10
(
MAX2

I

MSE

)
= 20 · log10

(
MAX2

I√
MSE

)
(23)

MSE =
1

mn

m−1∑
i=0

n−1∑
j=0

||I (i, j)−K (i, j)||2 (24)

In these equations, I (i, j) and K (i, j) represent the pixel values at corresponding
coordinates. m and n denote the height and width of the image, respectively. MAXI is
the maximum numerical value representing the color of a pixel in the image.

As well as the structural similarity index (SSIM) and the mean absolute error (MAE),
which are defined by the formulas shown in equations 25 and 26:
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SSIM(P1, P2) =
(2µP1µP2 + C1)(2σP1P2 + C2)

(µ2
P1

+ µ2
P2

+ C1)(σ2
P1

+ σ2
P2

+ C2)
(25)

Where P1, P2 represents the original and enhanced images respectively; µP 1
, µP 2

represents the mean of the images P1 and P2 respectively; σ2
P1
, σ2

P2
represents the vari-

ance of the images P1 and P2 respectively; σP1P2
represents the covariance of the P1 and

P2; and C1, C2 represents the small constant used to stabilize the denominator.

MAE =
1

mn

∑m

i=1

∑n

j=1
|P1ij − P2ij | (26)

Where P1ij , P1ij represent the pixel values of the original and enhanced images at the
location (i, j) respectively; m and n are the height and width of the image respectively.
The main objective of this study is to measure the quality of the enhanced image by
calculating the difference between the gray values of the corresponding pixel points of
the enhanced image and the original image by using a statistical method.Both PSNR and
MSE measure the good quality of the image by calculating the global magnitude of the
pixel error between the enhanced image and the original image. Specifically, a larger
value of PSNR indicates that the distortion between the enhanced image and the original
image is smaller and the image quality is better. On the contrary, a smaller value of MSE
indicates better image quality.SSIM considers the brightness, contrast and structure of
an image, and a value closer to 1 indicates better image quality. This metric is useful
for evaluating the visual quality of an image during 2D to 3D conversion, and can help
determine whether the converted image visually maintains structural features similar to
those of the original image.MAE measures the average error at the pixel level, with a
smaller value indicating a smaller error, and this metric is valid for evaluating the overall
pixel-level error in 2D to 3D conversion.

To verify the effectiveness of this paper’s algorithm, by comparing with SqueezeNet
algorithm , Xception algorithm and MobileNet algorithm , as shown in Table 4.2. In terms
of PSNR, the algorithm in this paper is 38.67 dB, which is an improvement of 2.44% com-
pared with SqueezeNet algorithm, 1.55% compared with Xception algorithm, and 1.31%
compared with MobileNet algorithm. Since PSNR is a measure of the quality aspect of
image reconstruction, its improvement means that the error of image reconstruction is
reduced and the image quality is improved. Although the improvement effect is not obvi-
ous, it still indicates a certain progress, which is due to the optimization of the algorithm
in image feature extraction and reconstruction model in this paper. In terms of MSE, the
mean square error of this algorithm is 8.92, which is 27.71% lower than the SqueezeNet
algorithm, 16.24% lower than the Xception algorithm, and 2.19% lower than the Mo-
bileNet algorithm. Since MSE is a measure of the difference between images, the lower
its value indicates that the error between the reconstructed image and the original image
is smaller, the effect of this paper’s algorithm is more obvious compared with the previ-
ous two algorithms, which should be attributed to the more accurate model training and
more appropriate loss function selection. Although the effect is almost the same with Mo-
bileNet, there is also a slight improvement. In terms of SSIM, the structural similarity
index of this paper’s algorithm is 0.9277, which is improved by 7.43% compared with
SqueezeNet algorithm, 5.21% compared with Xception algorithm, and 3.72% compared
with MobileNet algorithm. Since SSIM is a metric in evaluating the structural fidelity of
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an image, its improvement means that the image reconstruction process better preserves
the structural features of the original image. Although the improvement is not extremely
significant, it shows that the algorithm in this paper has made some progress in this area.
This effect is due to the optimization of the algorithm in using more efficient activation
functions and more efficient data enhancement techniques. The more efficient activation
function may help the network to better capture and convey important features in the im-
age, while the efficient data enhancement technique may enhance the robustness of the
model to various changes and perturbations, and thus perform better in preserving the
image structure. In terms of MAE, the mean square error of the algorithm in this paper
is 3.29, which is 10.35% lower compared to SqueezeNet algorithm, 11.56% lower com-
pared to Xception algorithm and 3.52% lower compared to MobileNet algorithm. Since
the MAE is a measure of the difference between images, the lower its value indicates that
the error between the reconstructed image and the original image is smaller, the effect of
this paper’s algorithm is more obvious compared with the previous two algorithms, which
should be attributed to the more optimized network architecture of this paper’s algorithm
and optimization of the specific dataset. Although the effect of this algorithm is similar to
that of MobileNet, there is a slight improvement. This suggests that the algorithm in this
paper may be more refined in terms of network design, which can handle specific types
of image data more effectively, and the optimization for specific datasets may help the
algorithm better adapt to and handle these data, and thus achieve better results in terms of
MAE metrics.

Table 2. Comparative Experimental Results on Parameters for Hole-filling

Algorithms PSNR/DB MSE SSIM MAE
SqueezeNet 37.75 12.34 0.8635 3.67

Xception 38.08 10.65 0.8818 3.72
MobileNet 38.17 9.12 0.8944 3.41

Algorithms in this article 38.67 8.92 0.9277 3.29

4.3. Comparison Experiments

Comparison of quantitative results of measurements In this study, the performance
of SqueezeNet algorithm, Xception algorithm, MobileNet algorithm and the algorithm
proposed in this paper are compared on WHU Building Dataset dataset. To ensure the
fairness of the comparison, all algorithms are tested on the same training, test and valida-
tion sets. Specifically, each training contains 400 samples and the training process of each
algorithm is capped at a maximum of 1000 iterations. The comparison results of the four
algorithms are shown in Table 3.

The comparison in terms of number of iterations is discussed first. The number of
iterations of this paper’s algorithm needs more compared to SqueezeNet algorithm and
Xception algorithm, this is because the model structure and optimization strategy of this
paper’s algorithm needs more iterations to reach convergence. However, this paper’s al-
gorithm requires fewer iterations compared to MobileNet algorithm, which indicates that
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Table 3. Comparative Experimental Results of Three Algorithmic Models

Algorithms
Number of
iterations

Training
set loss
function

Training
set

accuracy

Validation
set loss
function

Validation
set

accuracy

Measurement
accuracy

SqueezeNet 790 0.0231 0.9891 0.2100 0.9579 95.32
Xception 650 0.0229 0.9913 0.0056 0.9714 98.59

MobileNet 920 0.0089 0.9985 0.0039 0.9932 99.21
Algorithms

in this article 830 0.0214 0.9946 0.0041 1.0000 99.44

this paper’s algorithm outperforms MobileNet algorithm in terms of optimization strat-
egy. Next, the performance of the three aspects of training set loss function, training set
accuracy and validation set loss function are analyzed. The algorithm in this paper outper-
forms SqueezeNet and Xception algorithms in these aspects, which is mainly attributed
to the effective loss function optimization, accurate model parameter tuning, excellent
feature extraction, and better model generalization ability of the algorithm in this paper.
In contrast, the performance of this paper’s algorithm in these three aspects is slightly
lower compared to the MobileNet algorithm, indicating that the MobileNet algorithm has
a slight advantage in these aspects. Finally, consider the performance in both validation
set accuracy and measurement accuracy. This paper’s algorithm outperforms the other
three algorithms in both aspects, which indicates that this paper’s algorithm is more accu-
rate and effective in processing validation set data, and has more robustness in practical
applications.

In summary, the algorithm in this paper performs well in several aspects, especially
in validation set accuracy and measurement accuracy, showing its advantages in practical
applications. Although it is slightly inferior to MobileNet in some aspects, overall, the
algorithm in this paper demonstrates its effectiveness and robustness in image processing
tasks.

Table 4. Quantitative Comparison Experiment Results for 2D Images Across Different Algorithmic
Models

Algorithms Check Accuracy Rate IoU Recall Rate F1 Score Error rate
SqueezeNet 0.912 0.933 0.954 0.931 0.048

Xception 0.927 0.938 0.96 0.947 0.041
MobileNet 0.958 0.945 0.962 0.962 0.042
Algorithms

in this article 0.97 0.948 0.964 0.967 0.041

The experiments in this study involved inputting 8,000 2D images taken in the field
into different models for recognition and analyzing them in depth in terms of five aspects:
checking accuracy, IoU (intersection and concatenation ratio), recall, F1 score (reconciled
mean), and error rate. In terms of detection rate, the detection rate of SqueezeNet algo-
rithm is only 0.912, and after observing the pictures with prediction errors in detail, it is
found that the possibility of prediction errors is increased in special areas such as high re-
flective areas formed by little difference in color, strong external light, or broken concrete
floors. In comparison, the algorithm in this paper improves the checking accuracy with
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Xception algorithm and MobileNet algorithm by 4.64% and 1.25%, respectively, showing
better robustness and discriminative ability for these complex situations. In terms of IoU
(intersection-to-union ratio), this paper’s algorithm shows a slight improvement compared
to the other three algorithms. This result proves that all four algorithms have better ability
in locating the target object boundary, while this paper’s algorithm can locate the target
object boundary more precisely and capture the target morphology more accurately. In
terms of recall, this paper’s algorithm also has a slight improvement compared with the
other three algorithms, this result shows that the four algorithms have comparable abili-
ties in capturing positive samples, and also highlights the slight advantage of this paper’s
algorithm in recalling positive samples. In terms of F1 scores, this paper’s algorithm im-
proves by 3.87%, 2.11% and 0.52% compared to the SqueezeNet algorithm, the Xception
algorithm and the MobileNet algorithm, respectively. Since the F1 score is the reconciled
average of the detection and recall rates, this improvement reflects the simultaneous op-
timization of this paper’s algorithm in terms of detection and recall rates. In terms of
error rate, this paper’s algorithm has the lowest error rate with Xception algorithm, which
is 14.58% and 2.38% lower than SqueezeNet algorithm and MobileNet algorithm, re-
spectively. This result proves the superiority of this paper’s algorithm in providing more
accurate classification decisions and more robust feature extraction.

Combining the experimental results in Tables 3 and 4, this paper’s algorithm per-
forms better in several key performance metrics, especially in validation set accuracy,
measurement accuracy, checking accuracy, and F1 scores than the other compared algo-
rithms. These results show that this paper’s algorithm has advantages in model training,
generalization ability and accuracy in practical applications. The subtle advantages of this
paper’s algorithm in other metrics also reflect its overall algorithmic robustness and ef-
ficiency. These performance improvements are attributed to the innovation of algorithm
design, refinement of feature engineering, and optimization of the training process.

Table 5. Experimental results comparing 2D to 3D running time and efficiency of different algo-
rithm models

Algorithms Total Time(s) FPS FLOPS
SqueezeNet 59.22 51 53.97

Xception 56.37 55 57.81
MobileNet 51.93 62 67.38
Algorithms

in this article
36.11 87 87.27

Runtime & Efficiency Comparison In this study, the total time taken by four differ-
ent algorithms to convert 2000 2D architectural images into 3D images with the same
training, test, and validation sets is compared. The study observes the conversion duration
(s), frames per second (FPS) of processed images and peak speed per second (FLOPS).
In terms of conversion duration, the conversion time of this paper’s algorithm is 36.11s,
which is 39.02% lower than the running time of SqueezeNet algorithm, 35.94% lower
than the running time of Xception algorithm, and 28.06% lower than the running time of
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MobileNet algorithm; this result is due to the fact that the algorithm of this paper has im-
proved the traditional CNN This result is attributed to the improvement of the traditional
CNN network structure and the precise setting of the weight initialization value of this
algorithm. In terms of FPS, the algorithm in this paper improves significantly compared
with the other three algorithms, which is attributed to the improvements in image prepro-
cessing, feature extraction, reduction of redundant computation, optimization of memory
access, and enhancement of parallel computation capability. In terms of FLOPS, the algo-
rithm in this paper has a significant advantage over the other three algorithms in terms of
processing speed per second, which is attributed to the optimization of the computational
density of the algorithm, which reduces unnecessary floating-point operations, improves
the parallelism of the algorithm, and optimizes the computationally intensive part of the
code. In summary, the significant improvement in conversion time, FPS and FLOPS of
this paper’s algorithm reflects the optimization and improvement of the algorithm in sev-
eral key aspects, such as computational efficiency, data preprocessing, feature extraction,
parallel computing, resource management and code implementation, which proves that
this paper’s algorithm can efficiently and accurately implement the 2D to 3D conversion
technology.

Ablation Study The present study introduces a novel image reconstruction algorithm
that amalgamates the advantages of both Convolutional Neural Networks (CNN) and Re-
stricted Boltzmann Machines (RBM). The objective is to achieve more precise image re-
construction. To validate the superiority of the proposed algorithm over traditional CNN
and RBM techniques in terms of image reconstruction quality, we have designed a com-
parative experiment.

Table 6. 2D picture quantitative ablation comparison experiment results

Algorithms
Check

Accuracy
Rate

IoU
Recall
Rate

F1
Score

Error
rate

CNN 0.665 0.701 0.782 0.719 0.081
RBM 0.73 0.715 0.759 0.745 0.076

Algorithms
in this article 0.97 0.948 0.964 0.967 0.041

The experiment involved the input of 8,000 on-site captured 2D images into three
different algorithms for identification. The results, as shown in Table 6, indicate that the
algorithm proposed in this study outperforms traditional CNN and RBM models across
five key metrics, substantiating its effectiveness. This superiority can be elucidated from
several perspectives:

Architectural Advantage: The proposed algorithm integrates the convolutional layers
of CNN with the generative model features of RBM. This amalgamation leverages the
strengths of both, resulting in higher precision and robustness in image reconstruction.

Efficient Training: By adopting more precise weight initialization, the training process
for our algorithm is both efficient and stable. This enhances the model’s ability to fit the
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training data more effectively, thereby improving its 3D reconstruction performance on
the on-site captured 2D images.

Function Selection: The algorithm employs loss and activation functions that are par-
ticularly suited to this specific task. The appropriate choice of loss function better guides
model learning, while the optimal activation function enhances the model’s non-linear
representational capability.

In summary, the proposed algorithm’s superiority over traditional CNN and RBM
models is primarily attributable to its comprehensive optimization in structural design,
training strategy, and function selection. These collectively contribute to a significant ad-
vantage in 3D reconstruction tasks for on-site captured 2D images.

Table 7. Ablation Study on Run Time and Efficiency for 2D-to-3D Conversion

Algorithms Total Time(s) FPS FLOPS
CNN 124.89 31 27.92
RBM 119.54 34 31.31

Algorithms
in this article

36.11 87 87.27

Under a unified framework of identical training, testing, and validation sets, this
study meticulously contrasts the efficacy of three disparate algorithms—our proposed al-
gorithm, traditional Convolutional Neural Networks (CNN), and Restricted Boltzmann
Machines (RBM)—in the task of transforming 2,000 2D architectural images into 3D
models, as detailed in Table 7. Our observations indicate that the proposed algorithm sig-
nificantly outperforms the traditional counterparts across various metrics, including total
conversion time, frames processed per second (Fps), and peak floating-point operations
per second (FLOPs). Firstly, this substantial advantage can be attributed to the architec-
tural refinements incorporated into the proposed algorithm. By synergistically leveraging
the convolutional attributes of CNNs and the generative capabilities of RBMs, the algo-
rithm enhances both the efficiency and accuracy of image conversion tasks. Secondly, the
marked elevation in computational efficiency underscores the algorithm’s prowess in di-
minishing computational complexity and overall operational time. This not only expedites
the training phase but also augments the model’s performance in handling intricate image
data. Finally, the flexibility and precision of the proposed algorithm are also manifest.
Optimized for task-specific needs, the algorithm minimizes unnecessary floating-point
calculations and redundant computations. As a result, it significantly amplifies opera-
tional speed, establishing new benchmarks in both frames processed per second and peak
operational speed.

In summary, the comprehensive optimization of the proposed algorithm in terms of
architecture, efficiency, and flexibility renders it exceptionally proficient in 2D-to-3D im-
age conversion tasks. It substantially transcends traditional CNN and RBM algorithms,
thereby demonstrating its potent potential and applicability.

Comparative Performance of 2D-to-3D Image Reconstruction Across Algorithms
As shown in Figure 3, the results of three different algorithms are demonstrated on the
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task of 2D to 3D image reconstruction on library image, academic building image, cor-
ridor image and residential building image. Image.3(a) is the original image, and images
Image.3(c) to Image.3(e) show the processing results of SqueezeNet algorithm, Xception
algorithm, MobileNet algorithm, and this paper’s algorithm, respectively. SqueezeNet al-
gorithm, as an earlier deep learning model, has a relatively simple structure and cannot
capture all the subtle features of the image, so the detail features are weak. The Xcep-
tion algorithm, with a more complex structure and more parameters, is better than the
SqueezeNet algorithm but still has room for improvement. The MobileNet algorithm, an
efficient neural network model, achieves minimizing the demand for computational re-
sources while maintaining good performance by employing depth-separable convolutions
and specific network structural adjustments, but it is not effective in dealing with ex-
tremely complex or fine-grained tasks, there is still room for improving its performance.

In contrast, our proposed algorithm excels in 2D-to-3D image reconstruction, mani-
festing a marked enhancement in detail fidelity. This superiority can be attributed to three
key facets: (1)Task-Specific Optimization: The algorithm has been fine-tuned for specific
types of images and content, enabling it to better capture intricate details. (2)Loss Func-
tion and Optimization Strategy: The selection of a loss function and optimization tech-
niques particularly tailored for 2D-to-3D conversion tasks further augments the quality of
image reconstruction. (3)Precise Weight Initialization and Efficient Training: The algo-
rithm employs a highly accurate weight initialization process and an optimized training
methodology, contributing to efficient and stable training.

In summation, the proposed algorithm stands as the most proficient in reconstructing
3D images from 2D precursors, owing to its comprehensive optimization across task-
specific requirements, loss function selection, and training procedures. Its exemplary per-
formance underscores its robustness and applicability in complex image transformation
tasks.

In this study, we incorporate various performance indicators such as the TOP-5 [18]
error rate, the number of convolutional layers, the size of the convolutional kernels, and
the number of fully connected layers to compare the efficacy of different algorithmic mod-
els. The TOP-5 error rate serves as a critical evaluation metric that considers a prediction
as correct if the true label is among the top five probabilities in the final output vector.
A lower TOP-5 error rate is indicative of better model performance. Taking the library
image reconstruction effect as an example, the Top-5 error rates of different algorithm
models can be observed in Table 8, and the four algorithms show different performances.
the SqueezeNet algorithm has a relatively high error rate of 6.7%, which is not able to ad-
equately capture the complex features of the image due to its relatively simple structure.
the Xception algorithm and MobileNet algorithm have reduced the error rates to 5.9% and
4.9%, which is a significant improvement compared to the first algorithm, but there is still
room for improvement. Proposed Algorithm: Demonstrates a significantly reduced TOP-5
error rate of 3.1%, emphasizing the algorithm’s superiority in image reconstruction tasks.

The decline in error rates can be attributed to increased algorithmic complexity and
task-specific optimizations. The proposed algorithm, through its architectural refinements
and innovative methods, achieves a more accurate image reconstruction. Its substantially
lower error rate compared to the other algorithms corroborates its excellence in image
reconstruction tasks.
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(a) Original Fig-
ure

(b) SqueezeNet (c) Xception (d) MobileNet (e) Algorithms in
this article

Fig. 3. Algorithm effect diagram comparison

In the subsequent section, we delve into the significance of convolutional layers. Im-
ages are composed of pixels, which may contain noise. Convolutional layers serve the
purpose of extracting features from these noisy pixels. As the number of convolutional
layers increases, these rudimentary features combine to form higher-level patterns. Con-
sequently, a deeper convolutional network is capable of capturing more abstract and com-
prehensive features. With 151 convolutional layers, our proposed algorithm excels in ex-
haustive detail extraction, contributing to the increased accuracy of the generated 3D im-
ages.

Furthermore, to reduce computational and parameter overhead while accelerating model
training, smaller convolutional kernels are beneficial. They allow for the inclusion of ad-
ditional convolutional layers, thereby enhancing the network’s nonlinear capabilities. On
another note, a single fully connected layer is insufficient for condensing feature data
to a degree where accurate judgments can be made. The presence of two layers in our
algorithm ensures more concentrated feature data.

In summary, when considering multiple evaluation metrics such as the TOP-5 error
rate, the number of convolutional layers, the size of the convolutional kernels, and the
number of fully connected layers, our proposed algorithm outperforms other models in
terms of overall efficacy. The architecture of our model is well-balanced in terms of con-
volutional kernel size and the number and size of fully connected layers, making it a more
potent solution for the task at hand.
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Table 8. Experimental results of performance comparison of different algorithms for library image
reconstruction

Algorithms
TOP-5
Error
Rate

Number Of
Convol
-utional
Layers

Convol
-utional

Kernel Size

Number
Of Fully

Connected
Layers

SqueezeNet 6.7% 115 7,1,3,5 2
Xception 5.9% 118 7,1,3,5 2

MobileNet 4.9% 132 11,7,5,3 2
Algorithms

in this article 3.1% 151 7,1,3,5 2

5. Conclusion

A new model for architectural image processing is developed in this study. This model
combines a Restricted Boltzmann Machine (RBM) and a Convolutional Neural Network
(CNN) specifically designed to convert two-dimensional (2D) architectural images into
three-dimensional (3D) models. The input building images are first preprocessed to en-
sure their suitability. Then, a bilateral filtering technique is used to convert the image into
a depth map, laying the foundation for subsequent 3D reconstruction. Next, small voids
in the image are repaired by a domain difference algorithm, thus improving the integrity
and quality of the image. The last key step is to input the processed 2D image into the
research-designed model. The model incorporates the features of RBM and CNN to ef-
fectively realize the conversion from 2D image to 3D model. After thorough testing, the
study found that the model achieved 97% in terms of checking accuracy and significantly
outperformed other existing algorithms in terms of runtime and efficiency.

However, it is crucial to acknowledge the limitations of our current algorithm. For
instance, the likelihood of prediction errors increases when dealing with areas of subtle
color variations, strong external lighting causing high reflectivity, or surfaces with dam-
age mimicking water stains. This suggests that further optimizations are required for our
algorithm to adeptly handle these challenging scenarios. Looking ahead, we anticipate
continual refinement of our algorithm in two primary directions:

Enhanced Models and Techniques: We aim to incorporate more advanced deep learn-
ing models and techniques to improve both the accuracy and robustness of our algorithm.
Diverse Applications: We will explore the utility of our algorithm in processing other
types of architectural images and even in other image processing tasks, with the goal of
widespread application and dissemination.

By addressing these aspects, we aim to extend the applicability and fortify the re-
silience of our algorithm, thereby contributing to its broader adoption in the domain of
image processing.
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Abstract. Over the past years, person re-identification has been obtaining vari-
ous attentions in computer vision tasks. However, existing methods mainly focus
on building massive number of deep architecture layers, which is unsuitable for ex-
tracting the robust features for person re-ID. In this paper, we present a novel hybrid
framework PGAN, through which the discriminative representations can be learned
for person re-ID. Specifically, a novel self-attention method named channel-wise
attention mechanism is adopted to learn the informative representations from the
patch-network and global network, respectively. In addition, CSwin Transformer is
exploited to re-extract the discriminative features from the residual blocks. We ob-
tain a mAP of 81.8% and 80.3% of the labeled and detected dataset on the CUHK0-
NP dataset. And we obtain a mAP of 83.4% and 91.3% on the DukeMTMC and
Market-1501 datasets respectively. Comprehensive experiments are performed on
the three datasets, (Market-1501, DukeMTMC-reID and CUHK03-NP), demon-
strating the efficiency of the introduced approach.

Keywords: person re-identification, channel-wise attention, deep learning.

1. Introduction

Person re-identification (re-ID) task aim to identify a person through video samples from
different direction cameras. Along with the rapid development of deep learning (DL), var-
ious researchers have shifted from hand-crafted feature engineering [26] to deep learning
techniques [19,39,50,54,44,46,45,40,12]. For example, in [53,21,51], the authors adopt
DL technology to capture the robust features from the video samples for person re-
ID. In addition, the attention mechanism attempts to be adopted in numerous studies
[23,20,18,23,15,49,35] to represent the notable parts (e.g., spatial locations and etc.) by
convolutional responses and filter the useless parts (e.g., background). Now, different at-
tention schemes are adopted to represent great performances for person re-ID [20]. Yet,
the general attention approaches can only be adopted to capture the coarse features, which
is not able to learn complicated features from the visual sections for person re-ID. More-
over, several features can include some informative representations of attentional feature
maps for person re-ID. Hence, the authors use a new attention mechanism to learn high-
level representations. In addition, to extract the robust representations with all instances,
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(a) Market1501 (b) Market1501 (c) Market1501

(d) DukeMTMC-reID (e) GRID (f) VIPeR

Fig. 1. These images sampled from four person re-ID datasets, representing that informa-
tive representations are important for person re-ID. Each sub-figure group consists of the
three sub-figures (query, true, false)

the researchers consider that all data instances can be seen as a a similarity graph in per-
son re-ID task. Also they combine the high-level and spectral features to promote the
accuracy for person re-ID. Especially, through [27,56,41,48], the important features of
person re-ID are also learned. And [27] proposes a deep graph metric learning (DGML)
for person re-ID, which can learn the consistency from intra-video spatial graphs of con-
secutive frames, then the spatial graph learns neighborhood relationships of the detected
person instances of each frame. For the another aspect, DGML can capture the distin-
guished features among the inter-video spatial graphs for person re-ID. In addition, the
development of hand-crafted features needs a great number of factors (e.g., domain expe-
rience, time, etc.). Hence, bags and books can result in the poor performances of person
re-ID. Furthermore, to learn the features of bags, scientists should learn domain-specific
knowledge, which needs lots of time. This is the motivation of our work to design a robust
architecture for person re-ID.

Up to now, through the various end-to-end DL methods, promising performances has
been achieved in person re-ID, and the following problems still existed. The first problem
is the representation of discriminative features. Current methods are mainly focused into
two aspects by the point of feature representations (i.e., hand-crafted and deep learned
features.). Though hand-crafted features have been proven to be obtaining in person re-ID
based on hand-crafted features. Yet, there are still exists several problems. For instance,
the designed of hand-crafted features acquire numerous aspects (e.g., domain experience,
labor, etc). For example, bags and books can influence the accuracy for person re-ID. In
addition, to capture the features of bags, researchers need to acquire task-specific knowl-
edge to waste a lot of time. As shown in Fig. 1, to capture the informinative representations
in the images, one should overcome this difficulties (such as the black bag in (a)) in the
databases. For the rest of the examples in Fig. 1, we can observe that the bags can bring
some problems to feature learning. More importantly, different databases have the same
problems while extracting the informative features, in which a robust architecture also
needs to be designed for feature learning.

In addition, another problem is the attentive feature learning. Although most of the DL
methods for person re-ID have a discriminative feature extraction ability, the importance
of the association between high-level semantic feature features and channels is ignored in
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the feature learning step in person re-ID. For example, as shown in Fig. 1 (a), to extract the
informative features, we should filter the bags of noisy features and capture the discrimi-
native features for person re-ID. Also, the useless features lead to a reduced scalability of
the model, which makes it hard for real-world large-scale usage. Meanwhile, the useless
features can result in the problem of overfitting in the process of model training, which
also brings some barriers for the real-world application.

In our work, to address the above-mentioned issues, we propose a novel architec-
ture, named patch-global attention network (PGAN), for addressing person re-ID. Specif-
ically, PGAN contains two components, i.e., patch-network and global-network, which
also contains a channel-wise attention mechanism to learn the patch-global feature rep-
resentations. For the patch-network, our aim is to learn the patch features, e.g., the face,
the body, and other patches. This is because that different parts of the body contain dif-
ferent semantic information of features. Therefore, these different convolutional neural
networks (CNN) branches can be encoded in the patch-network and informative feature
representations for person re-ID can be captured. Through the global-network the global
representations for person re-ID can be learned. More importantly, a channel-wise atten-
tion mechanism is adopted to learn the local and global features as well as fuse the differ-
ent scale features for person re-ID. In addition, Swin Transformer is used to re-extract the
discriminative features from the residual blocks.

The contributions of the presented paper are three-aspects:

– We introduce a novel framework, named PGAN, for modeling the multi-scale features
for person re-ID. CSwin Transformer is adopted to extract the informative features
from the residual blocks.

– In the architecture, a novel attention method, named channel-wise attention mech-
anism is adopted to learn the discriminative information through the patch-network
and global-network, respectively.

– Comprehensive experiments are performed on some benchmark datasets, i.e., Market-
1501, DukeMTMC-reID and CUHK03-NP, demonstrating the efficiency of the intro-
duced approach.

The remainder of the presented paper is structured as follows. Several existing works
are described in Section 2. In Section 3, the proposed deep architecture is described. The
used databases and experimental performances are described in Section 4. In Section 5,
conclusions and future works are described.

2. Related Works

In this part, we briefly overview the existing works on person re-ID. We first introduce
the hand-crafted features, and describe the deep features for person re-ID.

2.1. Hand-crafted Features of Person Re-ID

Hand-crafted features are extracted for person re-ID in various studies [13]. A weighted
color topology (WCT) feature is designed to model the spatial distribution features. In
[47], it is found that the fusion of histogram features of oriented gradient (HOG) de-
scriptor, HSV, and color histogram features is important for person re-ID. Meanwhile, in
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[9], the authors also propose to use region-based feature salience for person re-ID. How-
ever, there still exists the problem that we have not extracted the high-level features, e.g.,
context information and semantic features. Hence, various studies are emerged with the
development of DL. We briefly introduce the deep-learned features of person re-ID as
follows.

2.2. Deep-learned Features in Person Re-ID

In the work of [28], Rao et al. propose a self-supervised gait encoding method through
which unlabeled skeleton data can be learned to capture gait representations for person
re-ID. The core idea of the introduced approach is that high-level semantics information
is learned through a self-supervision mechanism. In addition, they also propose a locality-
aware attention mechanism and a locality-aware contrastive learning scheme to model and
maintain locality-awareness on an intra-sequence level and inter-sequence level in the
self-supervised learning step. Finally, a new feature named constrastive attention-based
gait encodings (CAGEs) is proposed to characterize gait effectively.

Bai et al. [1] collect a new large-scale dataset for person re-ID. Additionally, they
also proposed a domain generalization re-ID architecture named dual-meta generalization
network (DMG-Net), to learn the merits of meta-learning in the training step.

Two constructive modules are proposed in [2], i.e., a rectification domain-specific
batch normalization (RDSBN) module and a graph convolutional network (GCN) based
multi-domain information fusion (MDIF) module for the domain-specific view and domain-
fusion view, respectively. RDSBN can be adopted to simultaneously reduce domain-
specific characteristics and increase the distinctiveness of personal features. MDIF can
be used to minimize field distances via combing representations of different fields.

In [42], the authors introduce a new pairwise loss function, through which fine-grained
features can be learned by enforcing an exponential penalization on the images of small
differences and a bounded penalization on the images of large differences.

Deep graph metric learning (DGML) is introduced of [27] for person re-ID, through
which the consistency from intra-video spatial graphs of consecutive frames can be re-
weighted, which the spatial graph capture neighborhood relationship in the detected per-
son instances of each frame. From the another perspective, by using the DGML approach,
the inter-video spatial graphs learned by numerous camera views at different aspects are
identified. In order to further represent deploy a weak supervision into the DGML and
solve the problem of weakly supervised person re-ID, weakly supervised regularization
(WSR) is introduced to learn discriminative features by means of a weak identity loss and
a cross-video alignment loss.

In [11], Hou et al. introduces a spatial-temporal architecture for video-based person re-
ID. Concretely, a bilateral complementary network (BiCnet) is proposed to model spatial
complementary information. The combination of a detail branch and context branch is
used to model the original and long-range characteristic information. For every branch,
biCnet can combine multiple parallel and diverse attention modules to discover divergent
body parts for consecutive frames to obtain an integral characteristic of target identity.
Moreover, a new block is designed to capture different scale features. The new block can
be easily embed into BiCnet for spatial-temporal modeling.

Modeling static images with identity-related and unrelated features are proposed in
[7]. Generative adversarial network is adopted to represent identity-related and unrelated
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features of person images. Specifically, an identity-shuffling method is used to reduce the
noisy labels without any additional methods.

It tries to overcome the unsupervised domain adaptation in [14] from a novel perspec-
tive for person re-ID. A cluster-wise contrastive learning algorithm (CCL) is adopted to
maintain the feature extraction and to learn noise-tolerant features by a new unsupervised
scheme. Meanwhile, they adopt a progressive domain adaptation (PDA) method is used to
narrow the domain gap between source and target data. After that, fourier augmentation
scheme is also utilized to maximize the size of class separability of re-ID models.

In [56], the authors propose a new architecture, named omni-scale network (OSNet)
to model the different spatial scale features. The combination of multiple convolutional
streams in the basic building block is used to learn the deep features. A unified aggrega-
tion gate of the omni-scale feature learning is adopted to add multi-scale features based
on channel-wise weights. Meanwhile, the problem of cross-dataset discrepancies is also
addressed on instance normalisation (IN) layers.

In [43], the authors introduce a new architecture based on GNN to overcome the above
two studies on re-ID, i.e., group-aware person re-ID and group re-ID. Concretely, the au-
thors formulate a context graph with group members as its nodes to consider dependen-
cies among different people. Also, the authors develop a multi-level attention that can be
formed in two group contexts, with an additional self-attention module for robust graph-
level representations by attentively aggregating node-level features.

Based on the above-mentioned methods, only the spatial attention is considered in
most of the works to extract the distinctiveness features. To learn the discriminative infor-
mation from the images, we propose a channel-wise attention to learn the representations
for person re-ID. In the rest part, we give a detailed description of the proposed method
in Section 3.

3. Our Method

In this part, an overview of the proposed architecture is introduced, then we describe the
proposed method for person re-ID.

3.1. Framework Overview

The framework for person re-ID is illustrated in Fig. 2. To obtain a robust feature repre-
sentation, a novel network PGAN, for person re-ID, is designed. In the PGAN framework,
we design a deep hybrid convolutional neural network and transformer structure to extract
the distinctive features, which consists of a channel-wise attention mechanism, a residual
block, and cswin transformer. In the following, a brief introduction of the CNN method is
introduced.

3.2. CNN

Recently, the CNN has obtained great attentions in the DL community, which was orig-
inally proposed by Fukushima [8] based on “Neocognitron”, and was motivated from
Hubel and Wiesel’s hierarchical receptive field of the visual cortex. Subsequently, LeCun
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Fig. 2. The proposed deep architecture PGAN, in which Hybrid Block (DCNN and CSwin
Transformer) is adopted to extract the deep features from the images and patches.

Fig. 3. LeNet-5 network. From [17]. The network contains three types of layers, i.e., con-
volutional, pooling, and fully-connected layers.

et al. [17] developed a framework for document recognition. In our work, we use LeNet-
5 as an example to illustrate the architecture. Three layers is consisted in the LeNet-5:
i.e., convolutional, pooling, and fully-connected layers. As illustrated in Fig. 3, we can
discover that the convolution layer consists of a series of convolution kernels to compute
the feature maps. The pooling layers are adopted to depress the spatial resolution of the
feature maps. Commonly, the fully connect layers are used to generate the high-level fea-
ture representations [31]. Specifically, all the neurons of the fully-connected layers are
used in the previous layer to link each single neuron of the current layer and obtain the
output information. In some situations, the fully-connected layers can be modified with
a 1 × 1 convolution layer to obtain the discriminative feature representations [22]. The
main point of CNNs is that all the receptive fields share weights in a layer, needing only
several parameters compared to fully-connected neural networks. Up to now, numerous
CNN architectures have been designed to mitigate studies on image classification studies,
i.e., AlexNet [16], ResNet [10], and VGGNet [31], etc.

3.3. Channel-wise Residual Block Based on CNN

The residual block structure of the channel-wise layer attention mechanism is illustrated
in Fig. 4, which consists of two stacked basic residual network structures and a channel
layer attention mechanism in the output of the last residual network structure. Suppose
that the input feature map size is C

2 ×H ×W (where C represents the number of feature
map channels, and H and W represent the height and width of the feature map, respec-
tively). Batch normalization is performed in the two convolutional layers. The number
of feature map channels is doubled in the first convolutional layer of the first residual
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Fig. 4. The illustration of residual block.

network structure, and the feature map size is reduced. To ensure the obtaining of feature
maps of the same size, we first use the 1×1 convolutional operation to double the number
of the channels with a half number of the feature maps.

Firstly, the output feature map of the last convolutional layer is compressed at the
spatial dimension, and the global average pooling is used to change the size of the feature
map from the original C ×H ×W to 1× 1× C,

Fc(X) =
1

H ×W

H∑
i=1

W∑
j=1

X(i, j) (1)

Where X denotes the output feature map of the last convolutional layer.
Then, we learn the relationships among different channels, and the dimension of the

channel features is reduced to 16. The ReLU is activated and then the size of the feature
channels rises to the original feature channel dimension through a fully-connected layer.
Advantages of this procedure include a higher non-linearity, a better fitting of the complex
correlations among many channels, and reduction of the number of parameters as well as
computations.

For the FC layer Fc, we have the following equation:

Fo = ReLU(FC × w + b) (2)

Where Fo represents the output of the FC layers, w denotes the weights of the FC layer, b
represents the bias of the FC layer.

For the output of the last fully-connected layer, sigmoid activation function is used for
nonlinear transform to obtain the normalized weight of each channel within 0-1, and then
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Fig. 5. The main architecture of the combination of Residual Block and Swin Transformer
for feature learning.

Table 1. The size of feature maps.

Network
The size of

input feature map
The size of

output feature map
Conv 7 × 7, stride 2 3×256×256 64×128×128

Max Pooling 3×3, stride 2 64×128×128 64×64×64
Residucal Block 1

+ CSwin Transformer
64×64×64 64×64×64

Residucal Block 2
+ CSwin Transformer

64×64×64 128×32×32

Residucal Block 3
+ CSwin Transformer

128×32×32 256×16×16

Residucal Block 4
+ CSwin Transformer

256×16×16 512×8×8

Global Average Pooling 512×8×8 512×1×1

multiply back to the original channel features to complete the recalibration of the original
features at the channel dimension. The procedure is written as:

X̄ = X × Sigmoid(Fo) (3)

Where X̄ represents the feature map after recalibration, X denotes the output feature map
of the last convolutional layer, and Fo is the output of the last FC layer.

The architecture of the deep convolutional neural network is shown in Fig. 5, which
consists of a convolutional layer with kernel size of 7 × 7, a maximum pooling layer
3 × 3, residual blocks of four channel layer attention mechanisms and a global average
pooling layer, with a final output feature vector of dimensions of 512. To reduce compu-
tational quantities and obtain large receptive fields near the input, the feature map size is
downsampled twice consecutively using 7 × 7 convolution and 3 × 3 maximum pooling
layers. Meanwhile, to ensure that not too much information is lost, the feature map size
remains unchanged at the first residual block, and in the remaining three residual blocks,
the feature map channels are doubled and the height as well as width is halved at the first
convolution. For example, with the input feature map dimension of 3 × 256 × 256, the
input and output feature map dimension of each layer of the neural network is shown in
Table 1.
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Figure 2. Left: the overall architecture of our proposed CSWin Transformer, Right: the illustration of CSWin Transformer block.

ing the number of tokens. In this paper,we propose a new
hierarchical vision Transformer backbone by introducing
cross-shaped window self-attention and locally-enhanced
positional encoding.

Efficient Self-attentions. In the NLP field, many efficient
attention mechanisms [1, 9, 10, 32, 34, 42, 44, 52] have been
designed to improve the Transformer efficiency for han-
dling long sequences. Since the image resolution is often
very high in vision tasks, designing efficient self-attention
mechanisms is also very crucial. However, many existing vi-
sion Transformers [17, 53, 60, 66] still adopt the original full
self-attention, whose computation complexity is quadratic
to the image size. To reduce the complexity, the recent
vision Transformers [38, 55] adopt the local self-attention
mechanism [43] and its shifted/haloed version to add the
interaction across different local windows. Besides, axial
self-attention [25] and criss-cross attention [30] propose cal-
culating attention within stripe windows along horizontal
or/and vertical axis. While the performance of axial atten-
tion is limited by its sequential mechanism and restricted
window size, criss-cross attention is inefficient in practice
due to its overlapped window design and ineffective due to
its restricted window size. They are the most related works
with our CSWin, which could be viewed as a much general
and efficient format of these previous works.

Positional Encoding. Since self-attention is permutation-
invariant and ignores the token positional information, po-
sitional encoding is widely used in Transformers to add
such positional information back. Typical positional en-
coding mechanisms include absolute positional encoding
(APE) [56], relative positional encoding (RPE) [38, 46] and
conditional positional encoding (CPE) [12]. APE and RPE
are often defined as the sinusoidal functions of a series of
frequencies or the learnable parameters, which are designed
for a specific input size and are not friendly to varying input
resolutions. CPE takes the feature as input and can generate
the positional encoding for arbitrary input resolutions. Then
the generated positional encoding will be added onto the
input feature. Our LePE shares a similar spirit as CPE, but
proposes to add the positional encoding as a parallel mod-
ule to the self-attention operation and operates on projected
values in each Transformer block. This design decouples

positional encoding from the self-attention calculation, and
can enforce stronger local inductive bias.

3. Method
3.1. Overall Architecture

The overall architecture of CSWin Transformer is illus-
trated in Figure 2. For an input image with size ofH×W×3,
we follow [60] and leverage the overlapped convolutional
token embedding (7 × 7 convolution layer with stride 4) )
to obtain H

4 × W
4 patch tokens, and the dimension of each

token is C. To produce a hierarchical representation, the
whole network consists of four stages. A convolution layer
(3 × 3, stride 2) is used between two adjacent stages to re-
duce the number of tokens and double the channel dimension.
Therefore, the constructed feature maps have H

2i+1 × W
2i+1

tokens for the ith stage, which is similar to traditional CNN
backbones like VGG/ResNet. Each stage consists of Ni

sequential CSWin Transformer Blocks and maintains the
number of tokens. CSWin Transformer Block has the over-
all similar topology as the vanilla multi-head self-attention
Transformer block with two differences: 1) It replaces the
self-attention mechanism with our proposed Cross-Shaped
Window Self-Attention; 2) In order to introduce the local
inductive bias, LePE is added as a parallel module to the
self-attention branch.

3.2. Cross-Shaped Window Self-Attention

Despite the strong long-range context modeling capa-
bility, the computation complexity of the original full self-
attention mechanism is quadratic to feature map size. There-
fore, it will suffer from huge computation cost for vision
tasks that take high resolution feature maps as input, such
as object detection and segmentation. To alleviate this issue,
existing works [38, 55] suggest to perform self-attention in a
local attention window and apply halo or shifted window to
enlarge the receptive filed. However, the token within each
Transformer block still has limited attention area and re-
quires stacking more blocks to achieve global receptive filed.
To enlarge the attention area and achieve global self-attention
more efficiently, we present the cross-shaped window self-
attention mechanism, which is achieved by performing self-
attention in horizontal and vertical stripes in parallel that

Fig. 6. The main architecture of CSwin Transformer.

3.4. PGAN

The ensemble pipeline of the proposed architecture is illustrated in Fig. 2. Firstly, we crop
the images into the upper part of the body and the lower part of the body. Then the whole
body and the upper as well as lower part of the body are input into the DCNN architecture
to obtain the discriminative feature maps. To make a clear illustration, the three features
are denoted as Fw, Fu and Fl, respectively. After input the DCNN, the size of feature
maps is 512.

To learn the complimentary information in the three branches, we concatenate the Fw,
Fu and Fl to generate the feature vector Fall,

Fall = [Fw, Fu, Fl] (4)

Finally, we feed the feature vector into the FC layers, and perform the final classifica-
tion performance.

3.5. Swin Transformer

Swin Transformer is proposed by [24] to model a hierarchical representation by starting
from small-sized patches and gradually merging neighboring patches in deeper Trans-
former layers. As shown in Fig. 6, let assume an input of the size of h × w × c, Swin
Transformer first adapt the input with the size of hw

M2 ×M2× c with window partitioning,
where hw

M2 denotes the number of windows (with the size M × M ). Then Swin Trans-
former performs self-attention operation with h times in parallel on each window. Let
assume a local window feature Fea ∈ R

M2×c, the Q, K and V ∈ R
M2×d are calculated

by:
Q = FeaWQ,K = FeaWK , V = FeaWV (5)
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Where d is the query/key dimension, WQ,WK ,WV represent the query, keyandvalue
matrices. The attention matrix Attention(Q,K, V ) is calculated by self-attention mech-
anism of the local window:

Attention(Q,K, V ) = SoftMax(QKT /
√
d+B)V (6)

Where B represents the learnable relative positional encoding. After that, a two-layer
MLP with GELU activation followed. Then layer norm (LN) layer is added before multi-
head self-attention (MSA) and MLP. The detailed description of Swin Transformer, please
refer to [24].

Based on Swin Transformer, Dong et al. [6] propose a new transformer named CSwin
Transformer as backbone for general-purpose vision tasks. Given an input image with the
size of H ×W × 3, we adopt the the overlapped convolutional token embedding (7 × 7
convolution operatrion with stride 4) to generate H

4 × W
4 patch tokens with the dimension

C. Based on the self-attention mechanism and positional embedding mechanism, CSwin
Transformer block can be written as:

Ẑi = CSWin−Attention(LN(Zi−1)) + Zi−1,

Zi = MLP (LN(Ẑi)) + Ẑi (7)

where Zi represents the output of the i− th CSWin Transformer block.

4. Experiments

4.1. Datasets

To make a fair comparison with the existing works, we adopted three databases to valid
our proposed method. To verify the accuracy of the introduced architecture, extensive
experiments were performed on the three benchmark database, i.e., Market-1501 [50],
DukeMTMC-ReID [29,54] and CUHK03-NP [19,55]. Market-1501 consists of 12,936
images from 751 different identities. Query and gallery set consisted of 3,368 and 19,732
images from another 750 identities. DukeMTMC includes 16,522 data samples from 702
identities, including 2,228 and 17,661 images for the query and gallery set, respectively.
CUHK03-NP is a subset of CUHK03, which included two series of data, i.e., labeled and
detected images. The detected set of CUHK03 includes 7,365, 1,400 and 5,332 images
for the training, query, and gallery partition, respectively. The labeled set of CUHK03
includes for the training, query and gallery partition of the number of 7,368, 1,400 and
5,328, respectively.

4.2. Experimental Settings and Evaluation Standards

4.3. Implementation Details:

To obtain a fast convergence for the deep models, an Adam optimizer with the parameters
β1, β2 and ε value 0.9, 0.999 and 1 × 10−8 was used. The parameters of Adam had
a momentum of 0.9, and a number of epochs of 50. The learning rate of 0.001 is set
on the CUHKO-NP and Market-1501 dataset. While a learning rate of 0.0001 is set on
the DukeMTMC-ReID dataset. The batch size was set as 32 on 1080Ti GPU. Pytorch
platform is used in our experiment. To address the issues of overfitting, an early stop
strategy is also adopted. The training process took 24 hours.
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4.4. Results

In this part, we describe the performance for person re-ID. The performance of PGAN is
introduced, and then discuss the results of person re-ID with those state-of-the-art meth-
ods.

Table 2. Performance of PGAN on the three benchmark databases.

Methods

CUHK0-NP
DukeMTMC-ReID Market-1501

Labeled Detected
R-1 mAP R-1 mAP R-1 mAP R-1 mAP
83.1 81.8 79.4 80.3 92.5 83.4 97.0 91.3

Performance of PGAN The performance of PGAN on Market-1501, DukeMTMC-ReID
and CUHK03-NP are illustrated in Table 2. From Table 2, one can see that comparable
performances are obtained on three databases. Based on the CUHK0-NP dataset, we ob-
tain the a mAP of 80.2% and 79.1% of the labeled and detected dataset, respectively. For
the performance of DukeMTMC-ReID dataset, we obtain a mAP of 82.9% for person
re-ID. For the Market-1501 dataset, we obtain the mAP of 90.2% for person re-ID. In our
study, we try to use a patch-network and a global-network to extract the discriminative
features of person re-ID. The effectiveness of the proposed method is also demonstrated
from the videos.

Table 3. Comparison with the state of the art methods on CUHK03-NP.

CUHK03-NP (%)

Methods Ref
Labeled Detected

R-1 mAP R-1 mAP
BoW+XQDA [50] ICCV15 7.9 7.3 6.4 6.4

SVDNet [33] ICCV17 – – 41.5 37.3
DaRe(De)+RE [37] CVPR18 66.1 61.6 63.3 59.0

MLFN [3] CVPR18 54.7 49.2 52.8 47.8
HA-CNN [20] CVPR18 44.4 41.0 41.7 38.6
PCB+RPP [34] ECCV18 – – 63.7 57.5

Mancs [33] ECCV18 69.0 63.9 65.5 60.5
CASN+PCB [52] CVPR19 73.7 68.0 71.5 64.4

RGA [48] CVPR20 81.1 77.4 79.6 74.5
NFormer [36] CVPR22 80.6 79.1 79.0 76.4

Ours 83.1 81.8 79.4 80.3

Comparison with the State-of-the-Art Methods Table 3, 4 and 5 illustrate the compa-
rable accuracy with the state-of-the-art methods for person re-ID. Based on these obser-
vations, one can find that comparable results are obtained through our proposed method,
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Table 4. Comparison with the state of the art methods on DukeMTMC.

DukeMTMC-ReID (%)
Methods Ref R-1 mAP

BoW+kissme [50] ICCV15 25.1 12.2
SVDNet [33] ICCV17 76.7 56.8

DaRe(De)+RE [37] CVPR18 80.2 64.5
MLFN [3] CVPR18 81.0 62.8
KPM [30] CVPR18 80.3 63.2

HA-CNN [20] CVPR18 80.5 63.8
DNN-CRF [4] CVPR18 84.9 69.3

PABR [32] ECCV18 84.4 69.3
PCB+RPP [34] ECCV18 83.3 69.2

Mancs [33] ECCV18 84.9 71.8
CASN+PCB [52] CVPR19 87.7 73.7

PSTA [38] ICCV21 98.3 97.4
NFormer [36] CVPR22 90.6 85.7

—- [25] 2023 88.3 75.1
Ours 92.5 83.4

Table 5. Comparison with the state of the art methods on Market-1501.

Market-1501 (%)
Methods Ref R-1 mAP

BoW+kissme [50] ICCV15 44.4 20.8
SVDNet [33] ICCV17 82.3 62.1
DaRe(De)+RE [37] CVPR18 89.0 76.0
MLFN [3] CVPR18 90.0 74.3
KPM [30] CVPR18 90.1 75.3
HA-CNN [20] CVPR18 91.2 75.7
DNN-CRF [4] CVPR18 93.5 81.6
PABR [32] ECCV18 91.7 79.6
PCB+RPP [34] ECCV18 93.8 81.6
Mancs [33] ECCV18 93.1 82.3
CASN+PCB [52] CVPR19 94.4 82.8
RGA [48] CVPR20 96.1 88.4
NFormer [36] CVPR22 95.7 93.0
PPLR [5] CVPR22 94.3 84.4
—- [25] 2023 94.8 84.8
Ours 97.0 91.3

showing the capability of our architecture. The reason is that only the deep models are
trained from scratch in our research through our proposed method. However, we lever-
age the attention mechanism to learn the informative patterns from the videos. Using a
channel-wise attention mechanism with a patch-network and a global-network, the main
features of person re-ID can be learned.
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5. Conclusion

In the presented paper, a new framework is introduced, named PGAN, which can dis-
entangle representations can be learned for person re-ID. Of the proposed architecture,
a novel attention method named channel-wise attention mechanism is used to learn the
informative representations through the patch-network and global network. In addition,
CSwin Transformer is also adopted to learn the informative information from the residual
blocks. Extensive experiments are performed on the three public datasets, i.e., Market-
1501, DukeMTMC-reID and CUHK03-NP, demonstrating the efficiency of the proposed
method. Next, we will explore the deep learning methods to extract the deep-learned fea-
tures and robust models for the person re-ID task.
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Abstract. While deep neural networks (DNNs) have great potential for applica-
tions in security and safety-critical domains, their limited robustness to adversarial
samples and out-of-distribution (OOD) samples raise significant concerns. In the
software engineering community, significant efforts have been devoted to devising
testing techniques that verify the robustness of DNNs. This paper investigates se-
mantic feature-based test selection for DNNs from a frequency domain perspective
and propose a novel method called SaFeTS. Specifically, we leverage saliency de-
tection techniques, such as Fourier Phase Transform to extract semantic features
from test cases. These features are then clustered to select diverse test cases to eval-
uate the robustness of DNNs and model retraining. Experiments on CIFAR-10 and
SVHN datasets demonstrate that SaFeTS exposes more varied model errors com-
pared to baseline methods. Further, retraining with SaFeTS-selected samples signif-
icantly improves adversarial and out-of-distribution robustness over state-of-the-art
test selection methods.

Keywords: DNN testing, test selection, semantic feature, frequency domain, ro-
bustness.

1. Introduction

Deep learning (DL) systems are susceptible to adversarial samples [48] by malicious
attacks, as well as out-of-distribution (OOD) samples [1] originating from natural en-
vironments. These vulnerabilities present potential security and safety threats, raising
concerns about the application of DL technologies in security and safety-critical areas
[5, 8, 38, 43, 44]. Researchers in the software engineering community have focused on
verifying and improving the robustness of DL systems through testing to mitigate these
threats. However, a pivotal element of a DL system is the deep neural network (DNN),
which fundamentally differs from conventional software in several vital aspects: program-
ming paradigms, source of faults, and repair approach. Conventional software is often
developed based on specific requirements, while DNNs predominantly operate within a
data-driven programming paradigm, making decisions through non-deterministic logic

⋆ Corresponding Author
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[3]. Therefore, the faults in conventional software often stem from specific functions or
lines of code. In contrast, the faults in DNNs typically manifest as deviations in model
behavior, often linked to the data, learning algorithm, or training process. In addition, ad-
dressing faults in conventional software often involves pinpointing and correcting faulty
code [9]. However, repairing faults in DNNs is more intricate, as they cannot be localized
to a specific component (e.g., neuron or layer in the model) for direct fixing. A common
approach to enhance the robustness of DNN is to expand the data set to retrain the model.

Early works have proposed structural adequacy criteria for DNN testing [35, 40], as
well as test methods based on these criteria [17, 36, 40, 46, 56]. Recent efforts have ex-
tended test prioritization or selection methods to reduce computational and labeling costs.
These methods are based primarily on specific rules, such as uncertainty [14, 55] and
gradient-based rules [53]. However, existing test selection methods often focus on boost-
ing the quantity of the model errors disclosed during the test rather than the diversity of
misbehavior [15]. This leads to inadequate coverage of model erroneous behavior that po-
tentially exists in real-world scenarios. Additionally, some work shows that existing test
selection methods have a minimal impact on improving DNN’s robustness [34, 53].

To mitigate these issues, we explore an alternative strategy to enhance the test selec-
tion for DNNs. Given the data-driven nature of DNNs, we aim to increase the diversity of
test cases, not only due to its results in software testing [6, 13, 21, 32], but also due to the
call for many work in DNN testing [15,31,61,62]. Essentially, relying on diverse test cases
should expend the exploration scale of sample space and thus improve fault detection rate
for a given test set [2]. Further, incorporating diverse samples in the retraining/repair pro-
cess helps the model to learn diverse data representations, thereby improving the model’s
generalization ability and robustness on unknown data.

Current methods to assess the diversity of test cases often adopt distance measures,
which overlooks semantic diversity. Here, the Semantics refers to the meaning of data,
which is the essential attribute used to distinguish the differences among data. Instead,
Chen et al. [11] demonstrate that the depth at which a model understands or learns from
the data’s semantics is strongly linked to its generalization capabilities. In turn, we can
exploit the semantic diversity of the data for testing to reveal more model faults. Addition-
ally, researchers [11,18,41,60] found that DNNs lack robustness because they over-fitted
to noisy high-frequency information and ignored semantic information during training.
Suppressing high-frequency noise in the data will highlight the semantics of the data.
Thus, in this paper, we utilize the frequency domain transform method to extract the se-
mantics of the data and design the test selection method to improve the diversity of the
selected data. The noise of the data is usually added in the spatial domain and can be
filtered out by some frequency domain methods. For example, in the field of image pro-
cessing, frequency domain based methods can help remove unimportant high frequency
components that are often invisible to the human eye but contain noise [52]. Frequency
domain analysis can further enhance features in certain frequency ranges, making them
easier to recognize in subsequent processing. Thus, frequency domain-based methods can
extract features that are semantically consistent with human intuition and avoid the impact
of data noise [11]. Besides, frequency domain-based methods leverage the prior knowl-
edge of natural images, and therefore are model-agnostic [50]. This characteristic helps
circumvent the biases introduced by neural network feature extractors.
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In this paper, we propose a test selection method for DNNs from a frequency do-
main perspective. We empirically investigated the effectiveness of four commonly used
frequency domain-based saliency detection methods in extracting semantic features. The
evaluation results demonstrate that these methods can effectively extract semantic fea-
tures even from perturbed data. Motivated by this observation, we proposed a novel
Semantic Feature-based Test Selection method (SaFeTS). Specifically, we extract the se-
mantic features of test cases using frequency domain-based saliency detection methods.
Subsequently, we leverage these semantic features to identify potentially diverse cate-
gories of samples. Then, we select samples from each category for testing and retraining
purposes. Our work innovatively introduces the frequency domain analysis method into
the test selection technique, focuses on the diversity of semantic information of test cases,
and provides a new way of thinking for DNN testing. Extensive experimental results val-
idate the effectiveness of the proposed SaFeTS. Compared to the baseline methods, we
disclose more diverse DNN misbehavior with the proposed method. Moreover, SaFeTS
can effectively improve the adversarial and OOD robustness of DNN via retraining. The
main contributions of this paper are as follows.

• We explored test selection for DNNs from a frequency domain perspective. Through
a comprehensive empirical study, we observed that the frequency domain-based saliency
detection methods can effectively extract semantic features consistent with human intu-
ition, even for perturbed data.

• We proposed a novel semantic feature-based test selection method SaFeTS. SaFeTS
leverages saliency detection methods: Fourier Phase Transform (FPT) [39], High-pass Fil-
ter (HPF) [27], Residual Spectrum (SR) [23], and Quaternion Fourier Transform (QFT)
[16], to extract semantic features from test cases and identify diverse categories of sam-
ples based on these features. Then, we select samples from each category for testing and
retraining purposes.

• We conducted extensive experimental evaluations of SaFeTS. Compared to base-
lines, SaFeTS can detect more diverse DNN misbehavior. By selecting samples with di-
verse semantics for retraining, SaFeTS can effectively improve the adversarial and OOD
robustness of DNNs. In particular, SaFeTS utilizes the FPT to extract semantic features,
resulting in an average performance improvement of 20.79% over the best-performing
baseline on adversarial samples. We make our code public at GitHub.

The rest of this paper is organized as follows. We introduce the related work in Sec-
tion 2. In Section 3, we outline the empirical study to validate the efficacy of frequency
domain-based methods. In Section 4, we present our proposed method, SaFeTS. Finally,
we demonstrate the evaluation results and summarize this work in Section 5 and 8, re-
spectively.

2. Related Work

This section presents an overview of the related work, encompassing test selection for
DNNs, alongside the frequency domain analysis applied to image processing.

2.1. Testing for DNN

Researchers in the software engineering community have designed testing methods for
DNN to mitigate security and safety threats to DL-based systems. Inspired by structural

https://github.com/jiangzhouxian/SaFeTS-master/tree/master
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coverage criteria in conventional software testing, Pei et al. [40] first proposed the neuron
coverage criteria for DNN testing and a white-box testing framework DeepXplore. Sub-
sequently, Ma et al. [35] extended their work by offering multi-granularity testing criteria.
Based on these test criteria, various testing methods have been proposed to generate test
cases to discover the misbehavior of DNNs and verify their robustness, such as differential
testing [40], fuzzing testing [17], and mutation testing [36], and symbolic testing [46, 47]
and metamorphic testing [49, 56].

Due to the data-driven nature of DNN, comprehensive model testing requires large-
scale test cases, resulting in a vast testing overhead. Therefore, some researchers inves-
tigated test prioritization or selection techniques to reduce the cost of the testing. Feng
et al. [14] proposed DeepGini, a test prioritization method, to select test cases accord-
ing to the confidence level calculated by the Gini index. Wang et al. [53] introduced a
robustness-oriented testing framework for DNN, which used gradient-based rules as test
prioritization. Inspired by active learning, Weiss et al. [55] used the uncertainty metrics as
test prioritization. In addition, some test selection methods based on mutation testing [54]
and differential testing [15] were proposed.

Current test methods focus on selecting the test cases that are more prone to trigger
model misbehavior, therefore to boost the quantity of the identified software errors [15].
However, Zhang et al. [61] pointed out that using the error number as an evaluation met-
ric to measure testing effectiveness is inadequate for DNNs. It is worth taking efforts to
generate or select test cases with more diversity to expose various model incorrect behav-
ior that potentially exists in real-world scenarios. Additionally, the test cases generated
or selected by current test approaches have limited effect on improving the robustness of
the DL system after testing [53]. These limitations call for improved test selection tech-
niques to increase the diversity of selected test cases and further enhance the robustness
of DNNs. To address the above limitations, we propose SaFeTS for test selection, aiming
at selecting more semantically diverse test cases. These test cases with semantic diversity
can expose diverse DNN misbehavior during testing and improve the robustness of DNNs
after retraining.

2.2. Frequency Domain Analysis

Frequency domain analysis is one of the core techniques in the field of signal processing,
which mainly involves the study of the frequency components of signals [7]. There are
a wide range of techniques and applications of frequency domain analysis from time se-
quence data to images. The Fourier transform is the basis of frequency domain analysis,
which converts a signal in the time domain or spatial domain to its frequency domain rep-
resentation. For images, a two-dimensional FT can be used to obtain its frequency domain
representation.

Frequency domain analysis has been widely used in conventional image processing,
especially for saliency detection [16, 23, 27, 33, 39]. These methods often convert spatial-
domain images to frequency-domain information through the Fourier transform. They
are often used to extract the semantic features of images. Although DL-based feature
extractors have been well developed, frequency domain-based methods still play a vi-
tal role in improving the robustness of DNNs [11]. Recently, some work investigated
the robustness generalization behaviors of DNN from a data frequency domain perspec-
tive [11,24,45,51,57,59]. In particular, Wang et al. [51] empirically found that the invis-
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ible noises in high-frequency components of input images lead DNNs to make counter-
intuitive predictions. Chen et al. [11] argued that a robust DNN should focus on learning
the semantic information of data rather than high-frequency noise. Hence, they trained the
models on the augmented data by combining the images’ phase and amplitude spectrum.
Frequency domain analysis methods can separate different levels of information, such as
high frequency and low frequency, phase and amplitude. The frequency domain based
saliency detection method utilizes the information of different levels and can effectively
extract the semantic features of the data to avoid interference from data noise.

Thus, motivated by the strong ability of the frequency domain-based saliency detec-
tion methods, we explore the effective test selection for DNNs from a frequency domain
perspective in this paper. We utilize these saliency detection methods to extract data se-
mantic features. Furthermore, these semantic features provide valuable guidance in se-
lecting diverse and representative test cases for DNN testing and retraining.

3. Empirical Study

In this section, we conducted an empirical study to validate the effectiveness of frequency
domain-based saliency detection methods involving four classic saliency detection meth-
ods. We first briefly introduce the fundamentals of saliency detection methods. Then,
we applied different perturbation techniques on test images of ImageNet [12], including
adversarial attack and corruption techniques, to create adversarial and OOD samples, re-
spectively. Finally, we evaluate the saliency detection methods by comparing the semantic
maps.

3.1. Frequency Domain-based Semantic Feature Extraction

In image processing, the Discrete Fourier Transform (DFT) is commonly used to con-
vert images from the spatial domain to the frequency domain. Research has found that
frequency domain information can reveal semantic features of data, which are consistent
with human perception (e.g., structures, edges, and textures) [27, 39]. In the empirical
study, we investigated four classic frequency domain-based saliency detection methods:
FPT [39], HPF [27], SR [23] and QFT [16], which have different characteristics in image
semantic feature detection.

• FPT [39]: When an image is transformed using the Fourier transform, it is divided
into frequency components consisting of amplitude and phase. The phase spectrum is a
representation of the phase information in the frequency domain of an image. Reflects
the relative positional relationship between different frequency components in the image,
which is often adopted to detect structural and textural changes in the image.

• HPF [27]: A high-pass filter aims to sharpen edges or highlight fine details by at-
tenuating low-frequency information. It typically corresponds to the smooth regions or
large-scale structures in the image, which helps to highlight the edges and contours of
objects.

• SR [23]: The spectrum residual is based on the observation that the human visual
system tends to suppress the response to frequently occurring features, while at the same
time keeping sensitive to features that deviate from the norm [29]. The spectrum residual
method takes the logarithmic spectrum of an input image, followed by a Gaussian blur
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Fig. 1. Frequency domain-based semantic features of the images under different saliency
detection methods. The columns from left to right are the original spatial-domain
images, and the semantic maps extracted by FPT, HPF, SR, and QFT, respectively

operation. Then, the inverse Fourier transform is applied to the residual of the blurred and
original log-spectrum, to obtain the saliency map.

• QFT [16]: QFT is an extension of the traditional Fourier transform, designed to
work with quaternion-valued functions or data. QFT allows analyzing and representing
color images and other multicomponent data using quaternion mathematics, simultane-
ously capturing an image’s spatial and color information.

We applied the aforementioned methods on 1,000 images from dataset ImageNet [12].
Due to the limited space of the paper, we present one example of the images in Fig. 1. The
remaining results are shown at GitHub. We observed from the second row in Fig. 1 that all
four saliency detection methods preserved the semantic information of the image, such as
the shape and contour of the watch. We re-verified that the extracted frequency domain-
based semantic features provide a representation consistent with human perception. The
experimental results confirm the feasibility of analyzing test samples from the frequency
domain perspective.

3.2. Semantic Feature Extraction on Perturbed Images

Our further investigations probed whether four saliency detection methods could pre-
serve semantic feature extraction performance on perturbed data. We utilized a pre-trained
VGG16 [42] model on ImageNet [12] to generate adversarial samples by applying a
gradient-based adversarial attack technique, PGD [37] and CW [10]. For crafting OOD
samples, we adopted a widely used corrupted data benchmark [22], which encompasses

https://github.com/jiangzhouxian/SaFeTS-master/tree/master
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19 types of corruption involving weather, blur, noise, and digital changes with damage
levels ranging from 1 to 5.

The first and third rows of Fig. 1 show the semantic maps on adversarial and OOD
samples, respectively. Due to the space limitation, we only offer the cases of perturba-
tions caused by PGD attacks and fog corruption. More case studies are shown at GitHub.
Although both PGD attacks and fog corruption may diminish the semantic clarity of the
original sample, all four methods still managed to extract semantic information from ad-
versarial and OOD samples. In particular, FPT outperforms the other three saliency de-
tection techniques, while QFT exhibits noticeable degradation in semantic maps.

In summary, in this section, we investigate the changes in semantic maps of adversar-
ial and OOD samples. We found that saliency detection methods can effectively extract
semantic information from perturbed samples. Inspired by these observations, we design
a frequency domain-based test selection method to increase the semantic diversity of test
cases for DNN model testing and robustness enhancement via retraining.

4. Approaches

In this section, we propose the SaFeTS test selection method to detect more diverse model
erroneous behaviors and improve robustness via model retraining. First, we introduce the
problem definition in deep learning. Then, we present the SaFeTS method in detail.

4.1. Problem Definition

The Robustness of deep learning model often consists of Global Robustness and Empiri-
cal Robustness [53]. Global robustness refers to the robustness of a deep learning model
to disturbances or noise throughout the input space. Empirical robustness is evaluated by
testing the model on specific perturbed datasets. In this paper, we study the robustness
of deep learning restricted to empirical robustness, involving evaluating adversarial and
OOD data. The empirical robustness is defined as follows.

Definition 1. (Empirical Robustness) Given a DNN model F : X → Y and a per-
turbed test dataset Dt, where X and Y represent the input and output of F , respectively.
Empirical robustness is defined as µ : (F , Dt) → γ, and γ ∈ [0, 1] is the accuracy of
model F on the test set Dt.

4.2. Semantic Feature-Based Test Selection

In this section, we introduce the proposed test selection method SaFeTS. The critical is-
sue in test selection is how to utilize the semantics of test cases to expose the diverse
misbehavior of DNN and use them to improve DNN’s robustness. We design a frequency
domain-based test selection method for DNNs. Fig. 2 shows the workflow of SaFeTS, and
Algorithm 1 details the process of test selection based on SaFeTS. In general, SaFeTS se-
lects test cases based on a given candidate test set through two steps: (1) semantic feature
extraction and (2) clustering and sampling. Specifically, we use frequency domain-based
saliency detection methods to extract the semantic features of test cases (line 4). Such
methods are model-agnostic, which do not incorporate feature extractor bias. They ex-
tract semantic information while filtering out imperceptible high-frequency noise. After

https://github.com/jiangzhouxian/SaFeTS-master/tree/master
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Fig. 2. The workflow of SaFeTS. SaFeTS includes two components: semantic feature
extraction, clustering, and sampling. We evaluate the proposed method by testing and
retraining DNN models on the selected samples

that, we adopt the clustering method to mine the semantically diverse categories of sam-
ples based on the extracted frequency-domain features (line 8). Finally, we sample from
each cluster (lines 9-16), and use the sampled test cases to test and retrain DNNs.

Algorithm 1 Semantic Feature-Based Test Selection (SaFeTS)
Require: candidate set X , sampling ratio r, semantic feature set Sx, indices of sampled test cases

indicies.
Ensure: selected set Xs.

1: Xs ← ∅, Sx ← ∅, indices← ∅
2: for each x ∈ X do
3: # Extract the semantic features based on frequency domain transformation methods.
4: s← Semantic extraction(x)
5: Sx.add(s)
6: end for
7: # Cluster semantic feature to C categories.
8: C ← Cluster semantic(Sx)
9: for each c ∈ C do

10: # Uniform sampling with ratio r from each cluster, get the indices of sampled test cases.
11: indices← indices ∪ Uniform Sampling(c, r)
12: end for
13: for each i ∈ indicies do
14: # Select the samples from the candidate set.
15: Xs ← Xs ∪X[i]
16: end for
17: return Xs

Semantic feature extraction To extract the semantic features of the test cases, we trans-
form the input image from the spatial domain to the frequency domain using a Fourier
transform. Given an image g matrix with M rows and N columns, f(m,n) denotes the
pixel value of the mth row and nth column, the Fourier transform F (u, v) of f(m,n) is
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shown in Equation (1).

F (u, v) =

M−1∑
m=0

N−1∑
n=0

f(m,n) · e−j2π(um/M+vn/N) (1)

For an image g matrix with M rows and N columns, the Fourier transform theoreti-
cally requires (M ∗ N)2 operations, which is very time-consuming. Alternatively, we
use the Fast Fourier Transform (FFT) to reduce the complexity from O((M ∗ N)2) to
O(MNlog(M ∗N)) by decomposing the DFT into a series of smaller DFTs. In contrast,
we can transform an input image from its frequency domain to spatial domain via Inverse
Fast Fourier transform (IFFT), shown in Equation (2).

f(m,n) =
1√
MN

M−1∑
v=0

N−1∑
u=0

F (u, v) · e2π((vm/M)+(un/N)) (2)

Based on FFT and IFFT, we employ four classic saliency detection methods mentioned
in Section 3 to extract the semantic information of the test cases. The details of the
calculations are as follows:

• FPT: The phase spectrum of an image is the phase portion of the Fourier transform
result, shown in Equation (3).

P (u, v) = arctan

(
Im[F (u, v)]

Re[F (u, v)]

)
(3)

Where Im[F (u, v)] and Re[F (u, v)] are the imaginary and real parts of F (u, v), respec-
tively. Then, the IFFT of P leads to a saliency map Sa(m,n).

• HPF: The HPF are mainly used to enhance the high-frequency components of an
image so as to highlight the edges and details. In this paper, we use Sobel filter to compute
HPF which is a discrete difference filter used for edge detection to highlight the edges by
computing the gradient strength of the image. Sobel filter contains two 3 ∗ 3 matrices
which is shown in Equation (4) for detecting the edges in horizontal Gx and vertical
direction Gy , respectively.

Gx =

−1 0 1
−2 0 2
−1 0 1

 , Gy =

−1 −2 −1
0 0 0
1 2 1

 (4)

For each pixel in the image, its gradient values in the horizontal Vx and vertical directions
Vy are calculated by the convolution operation in Equation (5).

Vx(m,n) = f(m,n) ∗Gx, Vy(m,n) = f(m,n) ∗Gy (5)

Then calculate the total gradient intensity, i.e., saliency map Sa, by Equation (6).

Sa(m,n) =
√

Vx(m,n)2 + Vy(m,n)2 (6)

After processing, a new image is obtained which emphasizes the edge regions in the
original image and can be considered as the result of HPF process.
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• SR: The SR method estimates significance from the residuals of the amplitude spec-
trum of the image. The amplitude spectrum A(u, v) = |F (u, v)| and the phase spectrum
P (u, v) are computed after performing FFT on a given image. Then, calculate the average
amplitude spectrum log(A(u, v)) and its smoothed version Sm(u, v). spectrum residual
is computed by R(u, v) = log(A(u, v))−Sm(u, v). The Fourier transform of the saliency
map is Sa(u, v) = eR(u,v)×ejP (u,v). Finally, the IFFT is used to obtain the saliency map
Sa(m,n).

• QFT: QFT-based saliency detection suggests that in the human visual system, the
four feature channels, motion feature M , luminance feature I , red-green neuron RG,
and blue-yellow neuron BY , are almost independent. Therefore, the above four features
of an image can be represented by a quaternion q(m,n), defining the weighted image
quaternion representation as follow:

q(m,n) = M(m,n) +RG(m,n) ∗ µ1 +BY (m,n) ∗ µ2 + I(m,n) ∗ µ3 (7)

where µi, i = 1, 2, 3 satisfies µ2
i = −1, µ1 ⊥ µ2, µ2 ⊥ µ3, µ1 ⊥ µ3, µ3 = µ1µ2. The

QFT transforms an image from the spatial domain to the frequency domain as follows:

Q(u, v) =

M−1∑
m=0

N−1∑
n=0

q(m,n) · e−j2π(um/M+vn/N) (8)

Here we actually extend the concept of 2D FFT to accommodate quaternionic data. Then,
in the frequency domain, saliency detection is performed based on the phase information
of Q (u, v), that is, Sa(u, v) = |Q(u, v)|. And finally, the inverse QFT of Sa(u, v) leads to
a saliency map Sa(m,n) (extensive the concept of 2D IFFT to accommodate quaternionic
data).

Clustering and sampling To group test cases into multiple categories with similar se-
mantic features, we incorporate clustering approach in SaFeTS. In this paper, we extract
the semantic feature of image samples and cluster them into various categories in the
frequency domain feature space. Due to the convergence speed and cluster performance,
we employ the Kmeans++ algorithm [4] as the clustering method based on semantic fea-
tures to divide all samples into k clusters, where k is the number of groups. Kmeans++
algorithm is an optimized version of the Kmeans clustering algorithm [19], where the ini-
tial centroids are selected through a specific randomization process to reduce the effect
of randomization. It randomly selects the first centroid and then uses weighted random
sampling to choose the remaining centroids.

After that, we adopted the Uniform Sampling (US) strategy to maximize the diversity
of the sampled test cases. The US strategy ensures that the samples selected from each
cluster are uniformly distributed, which helps to increase the diversity and coverage of
the samples. In addition, since the uniform sampling strategy does not bias the selection
of samples towards any particular region, it provides a wider and diverse set of test cases,
which is important for deep neural network testing. In summary, the Kmeans++ and US
strategies can be easily scaled or adapted to different datasets and application scenarios,
and provide an efficient, high-quality and low-bias strategy for DNN testing that ensures
sample diversity and broad coverage.
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Retraining objective The samples selected based on SaFeTS can be used not only to
test the DNN but also to enhance the model robustness via retraining. Training samples
consist of the original training set D and the sample selected from the perturbed test
set Dt based on the test selection method TS. We define the optimization objective for
robustness retraining as

min
θ

1

L

L∑
i=1

J(xi,yi)∈D∪TS(Dt)(θ, xi, yi), (9)

where L is the number of training samples, x, y is the training samples and their labels,
and θ are the parameters of the model F . Retraining aims to optimize the model parame-
ters θ that lead to minimization of the loss function J .

In summary, we introduce SaFeTS, a test selection approach for DNNs. Employing
frequency domain transformation techniques, we extract test case semantics and then ap-
ply clustering to discern distinct categories within the frequency domain feature space.
SaFeTS is designed to select semantically diverse samples, uncovering a broader spec-
trum of DNN misbehaviors and enhancing DNN robustness through retraining.

5. Experimental Setup

In this section, we describe the experimental setup for evaluating SaFeTS, including the
research questions, datasets and DNN models, evaluation methods, baselines and param-
eter analysis.

5.1. Research Questions

Our evaluation covers various datasets and DNN models. We benchmark SaFeTS against
baseline methods with the intent to address the following three research questions (RQs).

– RQ1. Can SaFeTS expose more diverse erroneous behavior of DNNs?
– RQ2. Can SaFeTS effectively improve the adversarial robustness of DNNs via re-

training?
– RQ3. Can SaFeTS effectively enhance the OOD robustness of DNNs via retraining?

5.2. Models and Datasets

In the experiment, to evaluate the effectiveness of testing and retraining, we used two
datasets and six pre-trained models: CIFAR-10 dataset [30] (ResNet18 [20], VGG16 [42],
DenseNet121 [25]) and SVHN dataset [58] (ResNet50 [20], Wide-ResNet50 [20] and
SqueezeNet [26]). We applied the advanced adversarial attack technique PGD [37] to
generate the candidate set for test selection. Detailed configurations of datasets, models,
and attack results are reported in Table 1.

CIFAR-10 [30]: The CIFAR-10 dataset is a widely used benchmark for image clas-
sification tasks. It comprises 60,000 32x32 color images across 10 different classes, with
6,000 images per class. The dataset is divided into 50,000 training and 10,000 test images.

SVHN [58]: The SVHN dataset, or Street View House Numbers dataset, is another
popular dataset for digit recognition in natural images. It contains over 600,000 digit
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images obtained from real-world street view images. The dataset is divided into training,
validation, and test sets, and it covers a wide range of digit variations and orientations.

ResNet18, ResNet50, and Wide-ResNet50 [20]: ResNet18 is a convolutional neural
network architecture known for its effectiveness in deep learning tasks. It consists of 18
layers and introduces the concept of residual blocks, which helps address the vanishing
gradient problem and enables the training of deep networks. ResNet50 is an extension of
the ResNet architecture with 50 layers. It offers even greater model capacity and captures
intricate features from images. Wide-ResNet50 is an extended version of ResNet50 with
wider layers for better feature learning and regularization.

VGG16 [42]: VGG16 is a deep convolutional neural network architecture developed
by the Visual Geometry Group at the University of Oxford. The architecture consists of
16 layers, including 13 convolutional layers and 3 fully connected layers. VGG16’s key
feature is using small 3x3 convolutional filters in multiple layers to learn hierarchical
features from images.

DenseNet121 [25]: DenseNet is a neural network architecture that introduces dense
connections between layers. DenseNet121 is a variant with 121 layers, which includes
dense blocks where each layer is connected to every other layer in a feed-forward manner.

SqueezeNet [26]: SqueezeNet is a compact neural network architecture designed for
deep learning tasks on resource-constrained devices or environments. It achieves high ac-
curacy with a significantly reduced number of parameters. The architecture employs var-
ious strategies such as 1x1 convolutions and ‘fire’ modules (combinations of squeeze and
expand operations) to maintain model efficiency while retaining strong representational
power.

Table 1. Detailed experiment configurations
Dataset Model Accuracy% # Adversarial #Error Robustness%

CIFAR-10
ResNet18 95.35 10,000 8,953 10.47
VGG16 93.88 10,000 9,358 6.42

DenseNet121 94.78 10,000 8,990 10.10

SVHN
ResNet50 91.56 26,032 14,297 45.08

Wide-ResNet50 91.69 26,032 14,435 44.55
SqueezeNet 92.55 26,032 10,569 59.40

5.3. Evaluation methods

The evaluation methods we adopted in this section for testing and retraining are shown as
below.

Diversity of misbehavior: To investigate the diversity of the misbehavior triggered by
test cases, we visualized the confusion matrix of the prediction results. A confusion ma-
trix is a table often used in classification task to illustrate the model performance on test
data. In a confusion matrix, the rows represent the true labels, and the columns represent
the predicted labels. Each entry in the matrix indicates the number of occurrences where
a true label was predicted as a specific class. We removed the diagonal elements (correct
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predictions) and then focused on the distribution of the non-diagonal elements (erroneous
predictions). We evaluate the diversity of misbehavior by calculating the variance of the
confusion matrix. The more uniformly distributed the misclassified samples, the smaller
the variance of the confusion matrix, indicating higher diversity of the misclassified sam-
ples.

Accuracy on perturbed set (Robustness): The accuracy of the model on perturbed
dataset. This metric is used to evaluate the effectiveness of SaFeTS in improving the
robustness generalization of the model after retraining.

Accuracy on the original test set (Clean Accuracy): The model’s accuracy on the
original test data. This metric is used to evaluate the standard generalization of the model
after retraining.

5.4. Baselines

In this paper, we use current state-of-the-art test selection techniques as baselines, includ-
ing DeepGini [14] and RobOT [53]. We then evaluated these baseline methods on our
proposed dataset.

DeepGini [14]: DeepGini is a test selection technique that focuses on selecting test
cases based on confidence scores (computed by the Gini index) of the model predictions.
It prioritizes test cases for which the model is lowly confident in its predictions. This
technique explores the least confident predictions and potentially reveals the model mis-
behavior.

RobOT [53]: RobOT is a test selection technique based on the gradient information of
the model. RobOT calculates the robustness of the test case on the basis of its gradient of
the model’s loss function. It prioritizes samples with large gradients, which have a higher
likelihood of leading to incorrect model predictions.

5.5. Parameter Analysis
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Fig. 3. Accuracy on adversarial set with different sample ratios and test selection
methods
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This section analyzes the parameters of adversarial sample generation, as well as the
retraining sample rate. For generating adversarial samples on CIFAR-10 and SVHN, we
employ the Torchattacks library [28] to implement the advanced attack PGD [37]. For
both the CIFAR-10 dataset and the SVHN dataset, we set the maximum perturbation
eps = 4/255, and the number of steps steps = 10.

To choose a suitable sampling ratio for retraining, we set different sampling ratios for
SVHN (ResNet50) and CIFAR-10 (ResNet18) and observed the accuracy changes on the
adversarial set. Fig. 3 shows the accuracy on an adversarial set of re-trained models ac-
cording to the change in the sampling ratio. We noticed that our method performs better
on the CIFAR-10 and SVHN datasets than the baselines in improving robustness. How-
ever, the accuracy of the retrained model does not always increase as the sampling ratio
increases. This phenomenon may be due to the excessive introduction of noisy data for
training that instead destroys the performance of the model. In addition, increasing the
number of training samples will increase the training overhead. Thus, we set sampling
ratios of 0.2 and 0.1 for the CIFAR-10 and SVHN datasets to balance performance and
time spent in the subsequent experiments.

In subsequent evaluations, to mitigate the impact of randomness in sampling, we ran
the experiments five times for each configuration and then reported the mean values as the
results of testing and retraining. Additionally, we carefully tuned other hyperparameters
to achieve the best version of our method, such as the k-value in clustering. For other
details please refer to our experimental code on GitHub.

Fig. 4. The confusion matrices of test results on CIFAR-10

https://github.com/jiangzhouxian/SaFeTS-master/tree/master
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6. Analysis

This section reports the results of the evaluation based on three research questions men-
tioned in Sec. 5.1, including the evaluation on diversity of test cases, and the effect of
robustness enhancement on adversarial and OOD samples.

6.1. RQ1: Evaluation of the Diversity of Selected Test Cases

We evaluated the effectiveness of SaFeTS for testing by investigating the ability of SaFeTS
to expose diverse models’ misbehavior. As shown in Table 1, we generated adversar-
ial samples as the candidate set, using the PGD attack on the test set of CIFAR-10 and
SVHN. Then, we adopted different test selection methods to select samples from the can-
didate set.

Fig. 5. The confusion matrices of test results on SVHN

Fig. 4 and Fig. 5 show the confusion matrices of the testing results on CIFAR-10
(ResNet18) and SVHN (ResNet50), respectively. According to the confusion matrices,
FPT, HPF, SR, and QFT identify samples with a broader coverage of misclassifications,
instead of an exclusive focus on particular errors. On the contrary, the baseline methods
are heavily focused on certain predictive mistakes. In the case of CIFAR-10, DeepGini
exhibits a bias towards samples where the prediction of class ’5’ as the class ’3’ occurs,
while RobOT tends to emphasize instances where class ’6’ is misclassified as class ’3’.
Similarly, in SVHN, DeepGini prefers examples where class ’3’ is mispredicted as class
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Fig. 6. The variances of confusion matrices on different datasets

’9’, while RobOT is inclined towards samples with class ’2’ being wrongly assigned to
class ’7’.

We calculated the variances associated with these confusion matrices to evaluate the
model’s incorrect behavior’s diversity comprehensively. A lower variance in the confusion
matrix indicates a more uniform distribution of misclassified samples and more diversity.
Fig. 6 illustrates the variances across the confusion matrices for both CIFAR-10 (left) and
SVHN (right). The variances of the samples selected by SaFeTS, namely, FPT, HPF, SR,
QFT, indicate a consistently consistent trend and are smaller than those of DeepGini and
RobOT. This observation underscores the enhanced diversity within SaFeTS’s selection.

When we select test cases based on semantic features, we are in fact picking sam-
ples that are semantically different but could lead to classification errors. Such samples
are highly diverse because they cover a wide range in sample space that could trigger
error predicting. When using a frequency domain based approach, it is more easily to
distinguish and capture these different semantic features. For example, HPF highlights
high-frequency details, which helps to identify possible problems with the model focus in
high-frequency area. Selecting samples with different semantic features through SaFeTS
means that we evaluate the model’s performance on multiple semantic types, rather than
just focusing on a particular error pattern. Based on the experimental results, we can an-
swer RQ1.

Answer to RQ1: Compared to baselines, SaFeTS can effectively select test cases
that expose the misbehavior of more diverse models. SaFeTS mitigates the selection of
samples too focused on a particular type of error and ensures the diversity and balance of
the samples in subsequent retraining.

6.2. RQ2: Evaluation of the Adversarial Robustness

To evaluate SaFeTS in the adversarial robustness improvement of the model, we crafted a
candidate set based on PGD attacks to generate 10 and 20 times more adversarial samples
on the training sets of SVHN and CIFAR-10, respectively. Then we compared the robust-
ness performance of baseline methods and SaFeTS by retraining on the select test cases.
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We reported the robustness and accuracy of the retrained models with sampling ratios 0.2
(CIFAR-10) and 0.1 (SVHN) in Table 2. The results indicate that all four saliency detec-
tion methods outperform the baseline approach, with particular prominence observed in
the performance of the FPT method. Specifically, on the CIFAR-10 dataset, the FPT, HPF,
SR, and QFT methods enhance robustness by 31.21%, 30.76%, 30.96%, and 30.89%, re-
spectively, compared to the best-performing baseline. Similarly, on the SVHN dataset, the
FPT, HPF, SR, and QFT methods exhibit improvements in robustness by 10.89%, 10.66%,
10.54%, and 10.42%, respectively. According to the raw robustness reported in Table 1,
after retraining, the robustness boosting on CIFAR-10 is better than that on SVHN, which
is street door number data with less diversity relative to CIFAR-10. Therefore, SaFeTS
performs better on more diverse datasets. In addition, the FPT works best among all the
saliency detection methods, so in practice, to maximize the effectiveness of SaFeTS, more
diverse data can be collected and FPT configurations can be prioritized.

In addition, SaFeTS leads to a moderate reduction in the accuracy of the retrained
model, whereas retraining with DeepGini and RobOT-selected samples reduces the orig-
inal accuracy of the model. For example, on CIFAR-10 and ResNet18, the FPT method
reduces the model’s accuracy on the original test set from 95.35% to 94.82%. The ac-
curacy of the retrained model based on DeepGini and RobOT decreased to 70.89% and
74.49%, respectively. The experimental results illustrate that the model learns diverse se-
mantic features by using the samples selected by SaFeTS for retraining. SaFeTS mitigates
the overfitting of the perturbed data and maintains the performance of the original test set.

The experimental results demonstrate that SaFeTS can effectively distinguish and cap-
ture errors that the model may have in processing different semantic information, thus
providing the model with more representative samples for retraining. Selecting samples
with a high diversity is crucial for training the model, as they cover a wide range of sam-
ple space that may cause the model to make errors, which helps the model to have better
generalization ability when faced with unknown adversarial samples. The frequency do-
main based approach selects a diverse set of samples, which reduces the risk of overfitting
the model on specific types of perturbation data.

Based on the above experiments, we can answer RQ2:
Answer to RQ2: SaFeTS can effectively improve the adversarial robustness of mod-
els after retraining, especially using the FPT to extract the semantic features. FPT, HPF,
SR, and QFT improved performance over the best-perform baseline by an average of
31.21%, 30.76%, 30.96%, and 30.89% on CIFAR-10, and by 10.89%, 10.66%, 10.54%,
and 10.42% on SVHN, respectively.

6.3. RQ3: Evaluation of the Out-of-distribution Robustness

To verify whether SaFeTS can effectively work for improvements in OOD robustness,
we investigated the performance of retraining on OOD datasets. We adopted a widely
recognized corruption benchmarking [22] to generate four types of corruptions, including
weather (fog), blur (Gaussian blur), noise (Gaussian noise), digital (pixelate), and five
levels (level 1-5) of corrupted data on the CIFAR-10 training set for sampling. Afterward,
we used the CIFAR-10-C [22] dataset to verify the robustness of generalization.

We utilized the best-perform parameters in RQ2, including using FPT to extract the se-
mantic features of samples, setting the sampling ratio to 0.2 for each corruption type, and
using K-means++ for clustering. We reported the retraining results on model ResNet18
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Table 2. Accuracy on original test set (Clean Accuracy) and adversarial set (Robustness)
of the retrained models

CIFAR-10 ResNet18 VGG16 DenseNet121

Method Clean Accuracy % Robustness % Clean Accuracy % Robustness % Clean Accuracy % Robustness %

FPT 95.06 95.78 (85.31 ↑) 93.20 93.17 (86.75 ↑) 94.06 95.30 (85.20 ↑)
HPF 94.82 95.19 (84.72 ↑) 92.99 92.84 (86.42 ↑) 93.80 94.88 (84.78 ↑)
SR 94.73 95.69 (85.22 ↑) 92.85 92.93 (86.51 ↑) 93.72 94.88 (84.78 ↑)

QFT 94.84 95.35 (84.88 ↑) 92.68 93.00 (86.58 ↑) 93.76 94.94 (45.31 ↑)

DeepGini 70.89 40.26 (29.79 ↑) 71.45 50.25 (43.83 ↑) 77.21 55.41 (45.31 ↑)
RobOT 74.49 57.52 (47.05 ↑) 78.94 64.33 (57.91 ↑) 78.34 68.78 (58.68 ↑)

SVHN ResNet50 Wide-ResNet50 SqueezeNet

Method Clean Accuracy % Robustness % Clean Accuracy % Robustness % Clean Accuracy % Robustness %

FPT 93.52 90.63 (45.55 ↑) 93.21 90.44 (45.89 ↑) 92.71 89.23 (29.83 ↑)
HPF 92.83 90.32 (45.24 ↑) 92.98 90.25 (45.70 ↑) 93.04 89.05 (29.65 ↑)
SR 93.25 90.49 (45.41 ↑) 93.03 89.72 (45.17 ↑) 92.87 89.05 (29.65 ↑)

QFT 92.98 89.76 (44.68 ↑) 93.14 90.11 (45.56 ↑) 92.62 89.04 (29.64 ↑)

DeepGini 88.06 77.99 (32.91 ↑) 88.25 78.21 (33.66 ↑) 89.12 79.87 (20.47 ↑)
RobOT 91.89 76.01 (30.93 ↑) 91.58 79.64 (35.09 ↑) 92.15 80.01 (20.61 ↑)

Table 3. Accuracy on original test set (Clean Accuracy) and OOD set (Robustness) of
the retrained models

Corruption Method Clean Accuracy % Robustness %

Weather
SaFeTS(FPT) 97.35 97.34

RobOT 98.49 94.32
DeepGini 98.65 96.05

Blur
SaFeTS(FPT) 87.99 95.44

RobOT 91.08 91.28
DeepGini 92.09 94.19

Noise
SaFeTS(FPT) 96.51 96.78

RobOT 96.51 95.34
DeepGini 96.47 96.47

Digital
SaFeTS(FPT) 98.43 95.01

RobOT 99.11 90.27
DeepGini 99.07 91.47
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in Table 3. The experimental results show that, for the weather, blur, noise, and digital
corrupted data, SaFeTS has effectively improved the robust generalization compared to
baselines, with a minor performance degradation on the original test set.

Unlike adversarial samples, OOD data are those that have not appeared in the training
data, but are not intentionally designed to deceive the model. The model may be confused
by specific noises or details in the data and miss the global characteristics. Choosing
samples with diversity can help the model to better generalize to a wide variety of data, not
just a specific subset of the training set. Experimental results show that SaFeTS can help
models focus on more fundamental properties and avoid being distracted by unnecessary
noise. By enhancing the diversity of the retraining samples, it can be ensured that the
model has been trained in a variety of different contexts, thus improving its robustness
in the face of unknown data. In summary, SaFeTS helps to enhance the robustness and
generalization ability of the model on OOD data.

Based on the experimental results, we can answer RQ3:
Answer to RQ3: SaFeTS can effectively improve OOD robustness of DNN models on
various types of corruption data, the overall results indicate that our method can improve
the performance over best-perform baseline.

7. Limitation

In this section, we discuss the limitations of SaFeTS. From the perspective of time over-
head, SaFeTS depends on the convergence speed of the clustering algorithm. To explore
the impact of clustering methods on the results, we also used a clustering algorithm differ-
ent from Kmeans++, the GMM, which is a density-based clustering method. We reported
the retraining results of CIFAR-10 (ResNet18) and SVHN (ResNet50) with two clustering
methods in Table 4 (selecting samples from adversarial sets).

Table 4. The accuracy on an adversarial set of the retrained models (Robustness) and
clustering time under different clustering methods (Kmeans++ and GMM)

Dataset Method
Robustness % Time (s)

Kmeans++ GMM Kmeans++ GMM

CIFAR-10

PFT 95.78 95.42 980.92 4221.60
HPF 95.19 95.60 1417.65 3008.59
SR 95.69 95.41 1480.64 4558.23

QFT 95.35 95.88 2028.23 4292.48

SVHN

PFT 90.63 90.07 491.45 2247.11
HPF 90.32 90.20 852.56 3004.25
SR 90.49 90.44 845.57 2457.21

QFT 89.76 88.12 1074.54 2542.44

The experimental results show that the choice of clustering method impacts the per-
formance of SaFeTS. Clustering with Kmeans++ performs better than GMM. The time
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overhead of SaFeTS is more extensive compared to baseline methods. However, the train-
ing time for DNNs is much longer than the time overhead of test selection. Therefore, the
time overhead of test selection can almost be ignored. In our retraining experiments, with
the addition of 73,257 and 200,000 samples to SVHN and CIFAR-10, the time needed for
each epoch is approximately 16 minutes and 20 minutes, respectively. And each training
is run separately on a single 3090 GPU. Thus, it is worth trading more test selection time
for better testing and retraining results. Nevertheless, to reduce the time overhead of sam-
ple selection, more efficient clustering algorithms or parallel computing can be attempted
to speed up the process.

8. Conclusion

In summary, this research proposed SaFeTS, a novel semantic feature-based test selec-
tion approach for DNNs grounded in frequency domain analysis. The core innovation lies
in utilizing saliency detection methods to extract semantic features aligned with human
perception. SaFeTS then discerns diverse categories within this semantic feature space
via clustering. By sampling test cases from each cluster, SaFeTS selects data with rich
semantics for testing and retraining DNNs. Extensive experiments highlighted the ability
of SaFeTS to uncover a more varied model misbehavior compared to existing selection
techniques. Further, retraining on the semantically diverse samples enhanced adversarial
and out-of-distribution robustness, with particularly strong gains of over 20% on adver-
sarial accuracy. The proposed frequency domain viewpoint thus offers valuable new per-
spectives on testing and improving DNN robustness. Limitations like clustering overhead
present opportunities for future work on optimizing SaFeTS. By releasing our method
publicly, this research aims to provide an effective resource to advance rigorous engineer-
ing of trustworthy DNNs. In future work, we will aim to investigate the generalization of
the SeFeTS approach to other domains besides image classification and computer vision,
especially security-critical domains.
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Abstract. With the rapid development of artificial intelligence (AI), large mod-
els have achieved significant breakthroughs in general-purpose domains. However,
their application in computer-aided design (CAD) software is still in its early stages.
Reusable design is crucial for improving efficiency and innovation in CAD systems.
This paper reviews progress in rule-based reasoning (RBR) and case-based reason-
ing (CBR), two prevailing techniques for reusable design. RBR represents expert
knowledge as rules but lacks self-learning capabilities. CBR draws on prior cases
to solve new problems but relies heavily on surface empirical knowledge. Recent
advances in large AI models provide new opportunities to enhance reusable design,
thanks to superior language and reasoning abilities.
However, adapting large models to effectively leverage CAD-specific design knowl-
edge presents open challenges. To advance progress in this area, this paper analyzes
the potential impacts of large models on improving knowledge acquisition, case
retrieval, rule representation, and reasoning explain ability for hybrid CBR-RBR
systems, and proposes a reusable design framework combing large language mod-
els, knowledge graphs, and databases to realize more intelligent and interpretable
reuse. This review synthesizes key developments in RBR, CBR, and large AI mod-
els, highlighting promising directions for advancing reusable design in CAD soft-
ware. The integration of reasoning techniques with large models, opening promising
new directions for computer-aided engineering enhanced by artificial intelligence,
as well as lays the foundation for more efficient, innovative, and sustainable engi-
neering design.

Keywords: large model, CBR, RBR, reusable design.

1. Introduction

CAD technology since its inception through continuous updating and iteration [25], has
been widely used in automotive, electronics, aviation, aerospace, chemical industry, con-
struction, medical, civil engineering and other industries, to promote the traditional prod-
uct design methods and production mode of continuous change and innovation, resulting
in huge economic and social benefits. It has produced great economic and social benefits.

Every designer consults the relevant design drawings and data during the design pro-
cess of new product development and tries to reuse the results of previous designs as
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much as possible. Practice has shown that despite the rapid changes in customer-oriented
products, the components that make up a product are relatively stable. For simple parts
in general, more than half of the parts can be found in the main types and basic types
that can be selected or referred to, and more than 50 per cent of the parts do not need to
be re-designed. As a result, the total number of drawings can be reduced by 10 per cent
and the number of new working drawings can be reduced by 30 per cent. And a series of
new products inherited from the old product more results, about 80 percent [10]. If each
product development and design are from scratch, in the whole development and design
process can not give full play to the role of the enterprise’s existing technology and re-
sources, and there is bound to be a lot of duplication of labour, these duplication of labour
mainly from the product design (conceptual design, detailed design, process design) and a
variety of design work around the repetition of the product. In the process of new product
development, we should try to use the existing design resources of the enterprise to reduce
the duplication of labour in the development work.

The so-called design reuse ideas, refers to the product function design, principle pro-
gramme design, structural programme design, overall design, construction design, process
design and other design activities around the product reuse, reference or reference to ex-
isting design results, new product development and design of various views and ideas
[35], design reuse technology is to integrate the design reuse idea into the broad design
process of the whole life cycle of the product [36]. Every designer has the idea of design
reuse in his mind, but due to the early computer hardware and software technology can
not meet the requirements of design reuse, design reuse has not been paid attention to
and widely used. Each designer according to their own understanding of their own design
reuse behaviour, there is no standard design reuse organisation and management.

From the development of mechanical design methods, people’s exploration of CAD
software design reuse is reviewed. There are similarities in the elements and layout of dif-
ferent equipment drawings, so it is feasible to effectively reuse the existing drawing results
in the generation of new drawings. In the manual drawing period, engineers reuse existing
design drawings in order to improve design efficiency. When drawing new products, they
put existing drawings that can be used for reference on the table, cover the non-reusable
parts, and re-copy the reusable parts to achieve the reuse of drawings. However, manual
drawing is prone to errors and leads to more rework, resulting in low efficiency. With the
advent of CAD software, with the help of computers, engineers can save reusable draw-
ings as new design drawings, which can be modified on the basis of the original. However,
neither of these two methods can use the existing results, and both need to be modified,
and the reuse efficiency is low. With the deepening of research on reuse knowledge, engi-
neers use the modular design idea to make simple reusable graphic parts in drawings into
blocks for reuse, improving the reuse efficiency of parts. However, the block reuse method
lacks the guidance of scientific ideas, and the management is difficult, so the design reuse
idea cannot be truly implemented. How to apply computer aided design technology to
reduce drawing reuse time, shorten drawing design cycle and improve drawing utilization
is always a difficult problem in the field of mechanical drawing.

CAD software in the application of design reuse technology, its impact is mainly
reflected in the following aspects.

1. New product development and design capabilities and innovation will be improved.
As the saying goes, “learn from the past to understand the new”, when engineers carry
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out new product development and design, due to the support of the design reuse system,
the designers’ development and design ability and innovation ability will be greatly im-
proved, so as to enhance the enterprise’s new product development and design ability and
innovation ability.

2. Shortening the time to market for new products. Since most new products are im-
provements on the basis of old products, there is a lot of information that can be reused, so
by designing a reusable system, the workload of designers and the production preparation
time are reduced, which of course shortens the time to market for new products.

3. Reducing product costs. Each new part will increase the manufacturing cost of the
enterprise and increase the cost of the product. However, design reuse technology will
avoid the emergence of new parts to the greatest extent possible, and at the same time
reduce the design cost by making full use of the reusable information. Therefore, the total
cost of the product will be reduced.

4. As the parts and components reused in new products are tested in production prac-
tice, so that the quality and function of many parts and components are guaranteed, rela-
tively speaking, the quality of the product is guaranteed.

Design reuse technology can bring so much value to enterprises, but the design reuse
rate in CAD software is still low. Due to the lack of scientific standardization and stan-
dardization of design resources and achievements, engineers have too many choices when
reusing existing parts and lack of selection basis. Even if the existing design results are
found, because the parts are not modeled with standardized and parametric methods, the
time for engineers to modify the existing results exceeds the time for redesign, resulting in
engineers not choosing reuse. In addition, the traditional performance appraisal of enter-
prises is based on the number of engineering drawings produced by engineers to evaluate
the performance of engineers, which leads engineers to think that designing a new part
and creating an additional engineering drawing is the embodiment of their labor costs. All
these reasons are the challenges faced by CAD software reuse design.

In order to make full use of the existing design knowledge and the constructed knowl-
edge base to shorten the development cycle of new product design, scholars have carried
out a large number of researches on the techniques related to product design knowledge
reuse, such as model similarity evaluation [18], model retrieval, and knowledge naviga-
tion, etc. A lot of research has been carried out on the evaluation of similarity and retrieval
of CAD assembly models considering a variety of evaluation criteria [20, 21], free-form
surface retrieval, efficient retrieval of assembly models based on improved Hausdorff dis-
tance, 3D CAD model retrieval based on image recognition [50, 14], and design knowl-
edge reuse based on knowledge graphs or knowledge templates.

Knowledge-based reasoning is a thinking process in which new knowledge is inferred
from one’s own knowledge through a computer system according to a certain strategy,
i.e., after inputting a problem to be solved, the existing design cases, expert experience,
design formulas, specifications and other knowledge in the knowledge base are called
upon to simulate human thinking, so as to complete the process of solving the problem
[7, 17]. Common knowledge-based reasoning methods are rule-based reasoning (RBR),
case-based reasoning (CBR) and Hybrid CBR-RBR. CBR and RBR are the key technolo-
gies in the field of AI, and they are widely used in many application fields such as natural
language processing, image recognition and expert system. These technologies can im-



1526 Yunlei Sun et al.

prove our understanding and use of past experience and knowledge to better solve current
problems, which is conducive to improving reusable design.

1. RBR is a method of making inferences based on a collection of pre-defined rules.
These rules describe the causal relationships under specific conditions and the actions that
should be taken when these conditions are met. For example, expert systems typically use
rules to model the decision-making process of a human expert. The inference engine will
infer new conclusions or recommendations based on known rules and input conditions.
This approach is suitable for problem domains that can be expressed in terms of explicit
rules [47, 26].

2. CBR is a method of learning and inferring from previously experienced cases.
It uses an existing library of cases to solve new problems by comparing and matching
similar problems that have been solved previously to find the best solution. This approach
is similar to the process of human learning and experience building by using past cases to
guide decision making. The CBR approach is suitable for situations where problems need
to be solved based on prior experience with similar situations [15, 22].

3. Hybrid CBR-RBR Combining the characteristics of RBR and CBR, often using a
combination of the two types of reasoning.

In summary, all three methods of reasoning have their applications in different con-
texts. RBR is suitable for domains that can be explicitly expressed as rules, while CBR
is suitable for scenarios that draw on past experience to solve problems. In practice, the
appropriate reasoning method is usually chosen based on the nature of the problem and
the available data.

With the development of AI large model, the reuse design in CAD software has a new
breakthrough point. This paper aims to propose a new framework combining AI large
model to optimize the reuse design in CAD software.

The remaining papers are arranged as follows. Chapter 2 introduces the working pro-
cess and characteristic analysis of artificial intelligence big model, RBR and CBR. Chap-
ter 3 introduces the research and analysis methods. The Chapter 4 discusses the research
results and propose a framework for reuse design based on AI large model.

2. Literature Review

This chapter introduces the working process and characteristic analysis of general and
domain AI large models, RBR, and CBR.

2.1. Large Models of AI Opportunities of the Times

Artificial Intelligence (AI) [11] is an important driving force of the fourth industrial revo-
lution and a core technology for digital transformation [48]. With the “explosive” growth
of data volume and the rapid improvement of arithmetic power, AI technology is ushering
in a new wave of innovation, of which the most striking is the large model technology.

Generalised Large Model of AI On November 30, 2022, OpenAI launched ChatGPT
[9], a new conversational general AI tool. It was researched that within just a few days of
its launch, the number of registered users exceeded 1 million, and the number of active
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users had reached 100 million in 2 months, attracting widespread attention from all walks
of life, making it the fastest-growing consumer application in history, and setting off a
technological tidal wave in the field of AI.

In recent years, many epoch-making large models have emerged, such as OpenAl’s
GPT-4, Huawei Cloud’s Pangu NLP, Baidu’s Wenshin, and meta’s llama2 [40]. These
large models have made landmark technological breakthroughs in the field of natural
language processing [4, 6], and have achieved leapfrog development in terms of model
accuracy, generality, and generalisation ability, and have achieved multi-scenario appli-
cations in the fields of finance, healthcare, media, and gaming, which have improved the
efficiency, lowered the cost, and created value.

Large language models can be divided into pre-trained models and fine-tuned models.
Pre-trained models refer to language models that are pre-trained on large-scale text cor-
pora, such as Transformer and BERT. A fine-tuning model is a model that is fine-tuned to
a pre-trained model for a specific task, such as ERNIE Bot, GPT-3, etc.

The release of GPT-3.5 and its great success has had a strong impact on the AI indus-
try, in which many previously unsolved problems have been found to be solved (includ-
ing fact-based quizzing, text-summary fact consistency [16], etc.). However, from another
perspective, we can also think of large models as a tool to assist in the development, opti-
misation of models, and enrichment of application scenarios, e.g..

1. Code Development: Using ChatGPT to assist in code development and improve
development efficiency, including code completion [37], natural language instructions to
generate code, code translation, bug fixes, etc.

2. Combination of ChatGPT and specific tasks: ChatGPT generates results that are
significantly better on many tasks compared to fine-tuned miniatures, and combines the
strengths of ChatGPT on the basis of fine-tuned miniatures in order to improve the infer-
ence effect of miniatures.

3. Meanwhile, based on the ability of less sample learning inspired by ChatGPT in-
struction fine-tuning, for tasks with only a few annotations or no annotated data as well as
tasks that require out-of-distribution generalisation [13], ChatGPT can be applied directly
as well as used as a tool for cold-starting to collect relevant corpus [28], enriching the
application scenarios.

Reviewing the underlying technology of the large model, the breakthroughs are mainly
the following:

Vaswani A proposed a network architecture Transformer [41], which introduces the
self-attention mechanism. Transformer outperforms other sequence transformation mod-
els in terms of machine translation quality and efficiency, and shows strong generalisation
ability, which can be applied to other natural language processing tasks. The proposal of
Transformer provides new ideas and references for sequence learning and neural network
Machine translation research provides new ideas and references, and the architecture has
become one of the mainstream frameworks for machine translation and other sequence
learning tasks.

Reinforcement learning with human feedback (RLHF) techniques have made great
strides in empowering intelligences to learn from external human suggestions, with RLHF
acting as an important bridge to incorporate human feedback into the learning process by
constructing a human feedback dataset and training an incentive model that mimics hu-
man preferences for scoring outcomes, allowing machines to learn by abstracting human
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values rather than simply mimicking human behaviour [19, 49, 32]. This is the core tech-
nology at the heart of the growing resemblance of human dialogue in large language
models in the post-gpt-3 era. RLHF has recently come into the public eye through several
high-profile AI large models, including OpenAI’s ChatGPT, DeepMind’s Sparrow, and
Anthropic’s Claude.

Bidirectional Encoder Representations from Transformers (BERT) [5] achieves break-
throughs in several natural language processing tasks. BERT achieves SOTA on 11 Nat-
ural Language Processing (NLP) tasks that demonstrating its powerful generalisation ca-
pabilities. BERT can be migrated to different tasks with simple fine-tuning without major
changes to the model architecture, which greatly reduces the workload of developing the
model. The proposal of the BERT model opens a new chapter in large-scale language un-
derstanding in NLP. Its powerful representation learning and task migration capabilities
have led to its rapid application in various subfields of NLP, generating a wide range of
impacts and greatly advancing the progress of NLP technology.

GPT is an approach based on generative pre-training and discriminative fine-tuning
[29] to achieve transfer learning for NLP tasks, using task-oriented input transforma-
tions to achieve migration with only a few changes to the model architecture, empirically
demonstrating the effectiveness of the approach on 12 tasks to achieve SOTA, and propos-
ing a generalised framework to address the problem of data scarcity in NLP task learning.
This paper is significant in the research of transfer learning and end-to-end learning in
NLP. The authors’ proposed approach provides an effective and practical framework for
solving the data scarcity problem for different tasks.

The GPT-2 model [30] can automatically discover tasks from large-scale text data.
pre-training the language model with the large-scale web dataset Web Text allows it to
perform NLP tasks with zero-sample learning. proving that the capacity of the language
model is crucial for migration learning and that a larger model achieves better perfor-
mance. the model GPT-2 achieves SOTA on seven language modelling datasets. but still
insufficient to fit the full Web Text. the authors demonstrate that pre-training of large-scale
semantic models on suitable datasets can achieve zero-sample learning and adaptation for
NLP tasks. This informs the solution to the problem of data scarcity and the construction
of language models that can learn tasks from examples as humans do.

The T5 framework advances the development of transfer learning by systematically
investigating different transfer learning methods and comparing them on multiple NLP
downstream tasks, based on the Colossal Clean crawled corpus and model size, and reach-
ing SOTA on many benchmark tests, T5 is important in the research and application of
transfer learning in NLP [31].

The large-scale language model GPT-3 meets or exceeds the previous SOTA on many
NLP tasks in a sample less setting, demonstrating the performance improvement that
comes with scale, and GPT-3 performs at the human level on some tasks, but also faces
methodological challenges. The robustness of GPT-3 foreshadows the significant advances
that may be possible in deep learning in the field of NLP, but it also suggests that re-
searchers need to confront and address the wide-ranging implications of AI [3].

Touvron [39] introduces Llama, a set of language models at different scales, where the
authors use only publicly available datasets to train state-of-the-art language models that
match or exceed proprietary models in terms of performance, opening up greater options
for language modelling research and applications. Llama is important in the development
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and application of large-scale language models and neural network models, reducing the
language modelling research barriers, allowing more researchers to access and develop
large-scale neural network models, and helping to advance the technology in this area.

A large-scale multimodal language model, GPT-4, has been introduced, and GPT-4
meets or exceeds the human level in AI benchmark tests [34]. The model is developed us-
ing a scalable framework that can guarantee performance at different scales and provide
experience for subsequent larger-scale models. The model provides a valuable reference
for the study of multimodal intelligences and the development of artificial general intelli-
gence .The powerful capability of GPT-4 indicates that the development of AI has entered
a new stage in the development of AI, which points out the direction for the future devel-
opment of AI.

In addition, popular language models include:
ERNIE Bot: ERNIE Bot is a knowledge-enhanced large language model developed

by Baidu that can generate high-quality text content. It is based on the Transformer archi-
tecture, has 350 million parameters, and supports both Chinese and English.

PaLM-E: PaLM-E is a large language model from the Google Brain team with 540
billion parameters. Its unique feature is that it can combine language model and visual
model to realize multi-modal understanding and generation.

XLNet: XLNet is a new pre-trained language model that combines the benefits of
Transformer-XL and BERT. It is capable of handling longer text paragraphs and has
greater generalization ability.

RoBERTa: RoBERTa is a pre-trained language model developed by Facebook AI,
based on the BERT architecture. It has been trained by a large number of corpora and has
a strong ability of natural language understanding and generation.

TechGPT: TechGPT has enhanced various information extraction tasks such as rela-
tional triplet extraction with “knowledge graph construction” as the core, which means
that TechGPT has a stronger ability to handle information extraction tasks and can better
understand and process various types of information.

Domain Large Models in AI Domain large models are large language models that have
been trained and optimised in a specific domain or industry. Compared with general-
purpose larde models, vertical domain large models concentrate more on the knowledge
and skills within a particular domain, possessing increased domain expertise and practical
applicability.

Through “zero sample” or small sample fine-tuning, the large model can achieve bet-
ter results in a variety of tasks, with a strong generalisation ability, forming a large domain
model. Large model training achieves upstream and downstream division of labour, as-
sembly line collaboration, forming a new paradigm of “pre-training + fine-tuning”, which
brings a new standardized AI research and development logic, realizes the scale produc-
tion of AI models in a more unified and simpler way, and enhances the performance of
large models in different business scenarios.

Domain macromodels are more domain-specific than general-purpose macromod-
els, and industry macromodels are specifically trained to better understand and process
domain-specific knowledge, terminology, and context. Due to the optimisation in a spe-
cific domain, the output quality of a vertical domain grand model in that domain is usually
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higher than that of a generic grand model. For domain-specific tasks, Vertical Domain
Grand Models typically perform better than General Purpose Grand Models.

The classic domain large models for are enumerated in Table 1.

Table 1. Classic domain large models
Name Domain Characteristics

BloombergGPT Financial Large Model BloombergGPT builds a dataset of 363
billion labels to support various tasks
within the financial industry.

FinBERT Financial Large Model FinBERT is pre-trained through multi-
task learning on financial corpora to
transfer knowledge from financial do-
main corpora.

LaWGPT Chinese Legal Knowledge Model LaWGPT constructing a dataset for di-
alogue and Q&A in the legal field and a
dataset for China’s judicial examination
to conduct fine-tuning of instructions.

BenTsao Chinese Medical Model BenTsao integrates the medical knowl-
edge of the Medical Knowledge Graph
and fine-tuning it with knowledge-
based instruction data.

The versatility and generalization of large models and new development paradigms
such as ”pre-training + fine-tuning” make the model customization process of AI scenario
application more standardized, the effect optimization more simple, effectively reduce
the ability requirements for data annotation and algorithm optimization, and make AI
application research and development more convenient.

2.2. Research Progress in RBR

Definition of RBR RBR is a way to represent the empirical knowledge of experts in a cer-
tain domain in the form of rules, and the representation of these rules contains the problem
and the solution to the problem, and the use of rule knowledge to simulate the reasoning
process used by experts to solve a certain type of a certain type of problem [23]. RBR ab-
stracts rule-based knowledge, encompassing expert experience, computational formulas,
design specifications, etc., into symbolic, normative, and specific generative rules. These
rules are then matched with the facts, ultimately leading to conclusions. Its reasoning
process is shown in Fig. 1.

The advantages of RBR are: intuitive and natural, easy to understand, easy to com-
puter reasoning; rules have the same format, easy to unify the processing; can effectively
express the surface knowledge. But at the same time, RBR has certain disadvantages: the
relationship between the rules is not obvious, resulting in low processing efficiency, man-
agement and maintenance is relatively difficult; cannot represent the structural knowl-
edge; the rule base is large in size, the efficiency is not high, generally applicable to
small-scale reasoning; at the same time, the rules of the acquisition of relative difficulties.
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Fig. 1. RBR workflow

Different Technological Routes The implementation process of RBR has three main
steps, firstly, the user input facts are matched with the antecedent part of the generative
rule, if the match is successful, then this rule is selected. If more than one rule matches
successfully at the same time, then it is processed by the conflict cancellation mechanism,
and the appropriate rule is selected for inference; the matching operation is repeated in a
cycle. The key technologies of RBR are mainly knowledge acquisition and its inference
mechanism.

1. Knowledge acquisition is the process of delineating the scope of reasoning, the
process of collecting and processing knowledge, and the basis for constructing a knowl-
edge base, so this stage of the process is crucial. Knowledge acquisition mainly collects
problem-related knowledge from industry experts or specific rules. The way of knowl-
edge acquisition is usually manual, automatic and hybrid acquisition, the manual way is
too labor-intensive although the integrity is high; on the contrary, the automatic way is the
application of computer technology, compared to the former, it is more efficient and intel-
ligent, so it is widely used in various industry sectors. Hybrid acquisition is a combination
of the first two methods, with the ability to identify text, images, language, but also the
ability to complete the analysis, understanding and induction, and self-learning from prac-
tice, which not only improves the completeness and accuracy of knowledge acquisition,
but also ensures the efficiency of reasoning.

2. Reasoning mechanisms The commonly used reasoning algorithms are, forward
reasoning, backward reasoning, and combined forward and backward reasoning.
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Forward reasoning is the use of user-provided factual information as the basis for
reasoning, and the positive use of rules for reasoning in a million ways, also known as
data-driven reasoning or pre-necklace reasoning. Its basic process is based on known
information as a starting point for the reasoning process. That is, the basic structure of
the method is mainly divided into two parts: the premise and the conclusion. P ⇒ Q or
IF P THEN Q Forward reasoning takes the problem as a starting point, i.e., the process
conditions are used as a starting point, and then the solution is reasoned out. However,
forward reasoning generally has the disadvantages of low efficiency and lack of flexibility.

Reverse reasoning and forward reasoning are different, reverse reasoning and for-
ward reasoning starting point is not the same, reverse reasoning is the conclusion of the
problem as a starting point for reasoning, can also be called reverse chain reasoning or
goal-oriented reasoning. The reasoning process is to take the hypothesis of the goal for
the starting point of the reasoning process, according to the hypothesis of the goal to find
information related to the hypothesis, if you find relevant information on the original hy-
pothesis, the original hypothesis is established. If no information can be found to make
the original hypothesis clear, then the original hypothesis is not valid, and the hypothesis
target needs to be re-selected.

Forward and reverse reasoning is also known as mixed reasoning. This type of reason-
ing is a combination of forward and reverse reasoning, which make up for each other’s
deficiencies. Mixed reasoning is to use the conclusion of the result of the forward reason-
ing as the starting point of reasoning, and then reason out the result after the starting point
has been determined. A reasoning goal is arrived at based on forward reasoning, and then
the goal is confirmed based on reverse reasoning.

In the embryonic and developing stage of RBR technology, RBR related research
mainly focuses on knowledge representation of rules and fast pattern matching algorithm
of inference. During this period, many excellent fast pattern matching algorithms have
emerged. Currently, the main pattern matching algorithms are Linear Algorithm, Treat
Algorithm, Leaps Algorithm, and Rete Algorithm. Among them, Rete algorithm is the
most widely accepted and used. The Rete algorithm was proposed by Charles Forgy in
1978. Although Rete algorithm improves the execution speed of RBR, its performance
is still not enough to cope with massive data environment and high frequency inference
applications.

In terms of the generalization of RBR technology, many open-source organizations,
research institutions and manufacturers have launched their own products that integrate
RBR technology into a complete system scheme or a separate system, such as Java rules
engine standard JSR-94, based on Microsoft. NET platform BizTalk system business
rules engine, JBoss Drools, open-source organization Apache Jena project, JESS and
ILog JRules, etc. These rule engine products usually implement a variety of inference
algorithms of RBR, but they still use rule-based knowledge representation, which is still
limited in knowledge acquisition.

2.3. Research Progress in CBR

Definition of CBR CBR technique is a method of solving currently encountered prob-
lems based on the knowledge of past cases or experience gained from past cases, which
is more suitable for solving problems that are difficult to establish theoretical models
or complex problems. CBR is a kind of analogical reasoning method, which provides a
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new methodology to build an expert system that approximates the human thinking model,
which is consistent with the solution of natural problems by human beings. When solving
problems, human beings often recall the treatment of similar situations accumulated in
the past and solve new problems by appropriate modification of the treatment of similar
situations in the past. Past situations and their treatment are called cases. Cases can help
form solutions to new problems and can be used to prevent possible errors. In 1994, A.P
[1] proposed the 4R model of CBR (Retrieve-Reuse-Revise-Retain), and since then the
4R model of CBR has been widely disseminated. In the 4R model, historical cases that
have been successfully solved in the past are stored in a case base; when a new problem
arises, the decision is made by extracting the attributes of the current problem, using the
pre-set retrieval algorithms of the CBR system, retrieving (Retrieve) in the case base, and
obtaining one or a number of historical cases that are the most similar to the new problem,
with the corresponding solution as the recommended The decision maker decides whether
to reuse the recommended solution as the solution to the current new problem according
to the actual situation; if the retrieved cases are far away from the target problem and the
decision maker is not sure about adopting them, the revision (Revise) part of the model
can be executed, and the retrieved solutions are revised using a certain method to make
them meet the requirements of the current problem; finally, the current target Finally, after
the new problem is solved by the revised solution, the target problem and the solution to
the target problem are stored as a new case in the case base (Retain). The process of CBR
is shown in Fig. 2.

Fig. 2. CBR workflow

CBR does not require a detailed understanding of the principles of the new problem,
and has the advantages of easy access to experience and knowledge, efficient problem-
solving efficiency, and continuous updating of the case base to improve the accuracy of
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the solution. These related theories and techniques provide references and guidance for
the study of case-based intelligent reasoning process in CAD software.

For example, in the field of static equipment, to apply CBR for drawing reuse, the
process is as follows: A case base is constructed according to the existing static equip-
ment design information and drawings, the upstream conditions are received, and similar
static equipment is obtained through case retrieval. The platform automatically modifies
the design parameters, and the applicable static equipment drawing cases are obtained.
Users can modify other data according to additional requirements and deliver the modi-
fied drawing cases to the case library for subsequent use.

Different Technical Routes According to the CBR working process, it can be seen that
the system mainly includes four key technologies [43]: case representation, retrieval, mod-
ification and learning. The more mature research is the retrieval of instances, including the
nearest neighbour retrieval method, the retrieval method of frames, etc., and the modifica-
tion of instances is currently the focus of CBR’s research, which focuses on the following:
the indexing of instances, the retrieval, the amendment, and the method of acquiring the
amendment rules, the maintenance technology of the case base, and the evaluation about
its performance.

1. Case Representation The case representation is to store the case in a way that the
computer can identify and process, and the case representation has three main aspects:
first, the background or reason for the event and the specific content of the problem; sec-
ond, the characteristics of the case, the process of solving the problem; and third, the
method and effect of solving the event. Through the case representation, it is possible to
quickly retrieve cases that are similar to the target case. Commonly used case representa-
tion methods are framework representation, object-oriented representation, and semantic
representation.

2. Case Retrieve The so-called case search, in essence, is to be given in the user
after a case to be examined, the retrieval system can automatically from the case database
(DB), looking for cases with the user case exactly the same or part of the same case; and
the output results can be in accordance with the degree of compliance with the user’s
requirements for sorting, in line with the question of the high degree of priority output.

The current indexing algorithms for cases are nearest neighbour strategy, inductive
reasoning strategy and knowledge guide strategy. The nearest neighbour strategy is a
method that calculates the similarity between the problem representation and the case
to find the most similar case. The nearest neighbour strategy is the most commonly used
method.

3. Case Revise The examples retrieved in the example database through certain search
methods are not necessarily fully applicable to the new problem, so the retrieved source
examples have to be processed to adapt to the new problem, which involves the modifica-
tion of the examples. Example modification is to use the source example as a reference for
the target example and modify the part of the source example that is not applicable to the
new problem [8] to solve the new problem. Case modification does not change the data
of the source instance in the instance repository, but produces a new instance. Commonly
used techniques for case modification are replacement, conversion, and derived analogy
[33].



AI Large Models Bring Great Opportunities. . . 1535

4. Case Study As new problems are continuously solved, the case base should have
some learning capability [42] to facilitate the organisation and management of the case
base and to improve the representativeness of the retrieved cases. Case learning mainly
consists of adding new cases and deleting existing cases.

CBR technology has been widely studied and applied. Typical application cases in-
clude: Vilhena et al. applied CBR to predict the tendency of thrombosis; Erbacher et al.
applied CBR to network early warning report; Horsman et al. applied CBR to evidence
location in digital forensics.

2.4. Characteristic Analysis of RBR and CBR

RBR and CBR differ greatly in the following aspects:
1. A rule describes a function or pattern, while a case is a constant.
2. The rules of RBR need to match exactly, while the cases of CBR only need to match

partially.
3. RBR adopts cyclic iteration of small events and deduces step by step; The CBR

estimates the entire solution by analogy at one time and then adjusts the final solution.
4. Strict form of rules, difficult to obtain; Case form freedom, access to arbitrary.
5. RBR is based on deductive reasoning, while CBR is based on analogical reasoning.
As two concrete forms of knowledge reasoning, RBR and CBR have commonalities

in the following aspects:
1. Rules and cases are different conceptual models of knowledge, but can be based on

the same data structure or implementation technology in a concrete computer implemen-
tation.

2. The essence of the rules and cases is a relational mapping of the domain ontology
and its attributes, and both reveal a division of the attributes and states of the domain
ontology.

3. The rule base and case base in the same domain correspond to the state space of the
same domain ontology.

It can be found that RBR and CBR are highly complementary, mainly reflected in:
1. RBR is good at expressing qualitative relations, while CBR is good at expressing

quantitative relations.
2. RBR data maintenance is difficult, while CBR data maintenance is simple.
3. RBR reasoning speed is slow, CBR reasoning speed is faster.
4. RBR has strong interpretation ability, while CBR has weak interpretation ability.
5. The solving ability of RBR edge problem is weak, while the solving ability of CBR

edge problem is strong.
It can be seen from the comparison that RBR and CBR have their own advantages, so

we should consider combining RBR and CBR for reasoning, so as to bring better accuracy
and efficiency of reasoning system.

3. Research Methodology

In this chapter, we outline our search methodology and inclusion criteria, which form the
foundation for selecting relevant studies. Following that, we present a general analysis of
the research content, offering an overview of the themes and patterns emerging from the
studies we have selected.
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3.1. Search Methodology and Inclusion Criteria

We searched the published literature on reasoning or large model distribution up to 2023
on Google Scholar, Web of Science and Scopus, using the following keywords:

– CBR, RBR, case-based reasoning, rule-based reasoning, mixed reasoning
– Artificial intelligence generated content (AIGC), large model, big model, domain

large model
– CAD software, industry large model, reusable design, case intelligent recommenda-

tion

References to the retrieved articles are also within the scope of the search, determine
which articles seem relevant, find those articles, read their references, and then repeat the
process until there are no new relevant articles.

The following types of literature were excluded: research reviews or progress reports,
non-inference or non-large model research, studies focusing on a single model only, and
research on large models used for purposes other than those specified. Additionally, liter-
ature that solely relied on previous reasoning methods without introducing new analytical
approaches was not considered.

3.2. General Analysis of the Research Content

The literature analysis process proposed in this paper starts from the preliminary reading
and screening of the literature, and extracts the obvious or possibly relevant parts of the
literature, so as to form a general understanding of the research content of reasoning and
large models. Preliminary reading shows:

(1) There is a large literature with multiple research purposes, and in some literature
different authors use different phrasing to express similar concepts. Examples include big
models and large models.

(2) In recent years, researches on large models of artificial intelligence have emerged
in many fields and brought different impacts to the fields.

(3) In the field of reusable design, there is almost no relevant research on domain large
models.

Based on the above three findings, this paper analyzes the influence of artificial in-
telligence large model on reusable design CBR and RBR, and proposes a recommended
framework combining artificial intelligence large model in view of the areas that can be
improved in reusable design..

4. Results and Discussion

This chapter analyzes the influence of AI large models on reusable design, CBR, RBR,
and proposes a framework for reusable design based on AI large model.
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4.1. Impact of AI Large Models on Reusable Design
Industrial Internet is centred on the comprehensive linkage of the whole industrial chain,
the whole value chain and the whole elements, building a new ecology of new-generation
information technology empowering the manufacturing industry, emphasizing the inter-
connection and interoperability of the massive production elements, the value mining of
operational data and the precipitation and reuse of industrial knowledge, which provides
“natural soil” for the application of the large model.

In the era of large models, computing power, network and data constitute the “iron tri-
angle” of the underlying infrastructure. Large models with large computing power, large
algorithms and large data features can be used to further optimise the Industrial Inter-
net and promote the reuse of design knowledge for solutions. Large models can assist
in analysing large datasets through machine learning algorithms to identify patterns and
correlations that may not be readily visible to researchers. Secondly, AI can analyse ex-
isting scientific literature and generate hypotheses that can be tested in further research,
which can help identify new reusable design methods. In addition, the emergence of large
models largely solves the problem that traditional models/services do not work well for
cross-modal and cross-domain applications. The MaaS layer rooted on the industrial In-
ternet platform can directly provide high-quality large model services for user terminals
in a variety of scenarios. Enterprises can process and train the data by scheduling the
relevant APIs and based on the business scenarios of a specific solution, thus reducing
the development and application costs of enterprises and realising the deployment, op-
timisation, and upgrading of enterprises’ personalised application businesses. The large
model can improve language comprehension and image generation capabilities, invoke
model microservices in the R&D design process, help R&D personnel to accurately mine
and sort out effective basic knowledge, generate application-specific basic code or carry
out three-dimensional visualisation design, as well as establish an intelligent industrial
knowledge base and so on.

4.2. Impact of AI Large Models on RBR and Existing Work
The whole process of RBR includes: knowledge acquisition and reasoning mechanism.
Now there are many ways to implement inference for various tasks based on large models,
such as:

Richardson [32] provides a survey of recent research in conversational AI with a focus
on commonsense reasoning. The paper lists relevant training datasets and describes the
main approaches to incorporating common sense into conversational AI. The paper also
discusses benchmarks used to evaluate common sense in conversational AI problems.
Finally, the authors make initial observations about the limited common-sense capabil-
ities of two state-of-the-art open dialogue models, BlenderBot3 and Lambda, and their
negative impact on natural interactions. These observations further advance the study of
common-sense reasoning in conversational AI.

Large pre-trained Transformer-based language models such as BERT, GPT and T5
have demonstrated a deep understanding of contextual semantics and language syntax.
Their achievements have led to notable progress in conversational AI, fostering the cre-
ation of open dialogue systems proficient in maintaining coherent and relevant conversa-
tions. These systems can address queries, engage in casual chats, and accomplish various
tasks.
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In terms of knowledge acquisition, the use of large models for knowledge acquisition
is much better than the original automatic acquisition. In order to express the structure of
the knowledge base, knowledge graphs can be constructed, knowledge graphs using graph
structure can present more complex relationships, the stored information is more full, and
the recommended cases are definitely more relevant . Generic large models can use a
model to combine multiple knowledge acquisition rules, the rules themselves need to be
refined. For example: the height of the tower and the material of the tower construction,
they themselves need two sets of rules to be obtained, but based on the large model, it is
possible to solve these two tasks or even more with one model.

In terms of reasoning, when the information embedded in the knowledge base is suf-
ficiently adequate, the large model can examine the results of rule reasoning and give
inference results, or even automatically fine-tune the rules to meet the current usage sce-
narios and directly achieve reuse. Example: Code Inspection and Code Correction.

4.3. Impact of AI Large Models on CBR and Existing Work

The retrieval of cases belongs to an important part of CBR, and from the historical expe-
rience, traditional retrieval will face the following challenges:

1. Rely on the network. Because information retrieval models do not retain knowledge
or information themselves, they rely on the Internet for external knowledge, which may
limit their applicability in some scenarios.

2. Lack of reasoning skills. The existing IR model mainly provides the collected
knowledge/information to meet the information needs of human beings, but lacks the
ability to help users understand the information. Better reasoning will lead to friendlier
and more valuable outcomes for humans.

Breakthroughs in Information Retrieval after Combining Large Techniques:
As the scale of large language models continues to grow (both in terms of model size

and data volume), LLMs have demonstrated significant advances in their capabilities. On
the one hand, LLMs have also made unprecedented breakthroughs in language compre-
hension and generation, resulting in more humane and human-intended responses. On the
other hand, larger LLMs are more capable of generalising and reasoning when dealing
with complex tasks [45]. Notably, LLMs can effectively apply their learned knowledge
and reasoning abilities to solve new tasks with only some task-specific demonstrations
or appropriate instructions [27, 44]. Furthermore, advanced techniques such as contex-
tual learning significantly enhance the generalisation performance of LLMs without the
need for fine-tuning for specific downstream tasks [3]. This breakthrough is particularly
valuable as it reduces the need for extensive fine-tuning while achieving superior task
performance. Supported by cueing strategies such as thought chaining, LLMs can gen-
erate output through step-by-step reasoning to guide complex decision-making processes
[46]. By integrating these complex language models, IR systems can provide more ac-
curate responses to users, ultimately reshaping the landscape of information access and
retrieval.

The potential of LLMs for information retrieval has been initially explored, and in
terms of practical applications, New Bing aims to improve the user’s experience of using
a search engine by extracting information from different web pages and compressing it
into concise summaries in response to user-generated queries. In the research community,
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LLMs have been shown to be useful in specific modules of information retrieval (e.g.,
searchers), thus improving the overall performance of these systems.

Recently, dense retrieval has been extensively studied and approaches based on stan-
dard MIPS indexing and nearest neighbour search are common [12]. Given the success
of Transformers as good associative memory stores or search indexes, Tay et al [38] pro-
posed a novel architecture called micro-searchable indexing, where the indexes are stored
in the model parameters.

The development of multimodal LLMs will facilitate indexing systems capable of
indexing data in various modalities, including but not limited to text, images, and video,
in a unified manner [2].

With the widespread use of LLMs in information retrieval, tailored evaluation strate-
gies become essential to prove the effectiveness of LLMs. For this purpose, some prop-
erties such as robustness need to be emphasised. Many models are sensitive to distribu-
tional differences between training and test data [24]. It is eager to see the generalisation
of LLM-enhanced IR models to out-of-distribution scenarios.

4.4. A Reusable Design Recommendation Framework Based on AI Large Model

Mixed CBR and RBR CBR for the requirements of the domain knowledge model is
relatively broad, to facilitate the acquisition of domain knowledge, but there are certain
drawbacks, stays on the surface of the empirical knowledge, the lack of deep knowledge,
professional knowledge, the need for human participation, the lack of a rigorous theoreti-
cal foundation will be difficult to achieve the true meaning of AI. RBR relies too much on
the experience of experts, so it does not have good self-learning ability, with the expansion
of the knowledge base will easily be control saturation problem, not a good simulation of
the judgmental thinking ability of the domain experts, the system will have a decline in
reasoning and other problems.

Combining the characteristics of RBR and CBR, it can be seen that the advantages and
disadvantages of CBR and RBR can be complementary. Previous studies have mostly used
a single RBR or a single CBR for knowledge-based reasoning, but recent studies have
often used a combination of the two types of reasoning, resulting in enhanced reasoning
effects. Nowadays, there are four main types of reasoning fusion: RBR is mainly CBR,
CBR is mainly RBR, CBR and RBR reasoning in parallel, and CBR and RBR are deeply
fused.

1. RBR is dominated by CBR
This method is mostly applied in the case of small size of the case base, the first use

of RBR reasoning, when the appropriate results can not be obtained, the choice of CBR
to find the past cases for case retrieval.

2. CBR is the main RBR
This method is mostly applied in the case of a large case base, firstly, when using

CBR case retrieval, the RBR rule is used to calculate the similarity in order to find similar
cases, or for CBR retrieved cases using RBR for case modification and case evaluation.
Most of the current fusion reasoning uses this approach

3. CBR and RBR Parallel Reasoning
Parallel reasoning is not considered to be a true fusion, where the two reasoning

modalities operate in parallel to obtain separate results, and the two results are synthe-
sised as the final result.
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4. Deep integration of CBR and RBR
Deep fusion of CBR and RBR refers to the fusion of reasoning methods in all aspects

of knowledge reasoning, which is more difficult to achieve, and thus less relevant research
is conducted, generally using a combination of RBR and CBR for data analysis, RBR for
generating recommendations or selecting solutions, and the same combination of RBR
and CBR for case modification.

Recommended Framework After the study of two kinds of inference rules, CBR and
RBR, it is found that the fusion of the two can improve the inference efficiency, so this
paper proposes to apply the combined inference rules of CBR and RBR to the reuse design
in CAD software. The function of RBR is to retrieve similar cases (i.e., CBR inference
rules) according to a certain algorithm, and then the inference rules established by RBR
are integrated into the CBR cases, and the combination of them This combination not only
makes the system more efficient, but also helps to improve the use of knowledge.

The essence of large language model is a parameterised knowledge base, the main
feature of parameterised knowledge base is to decompose the knowledge into a combi-
nation of parameters and rules, and generate specific knowledge instances by modifying
the parameter values, which is a black-box and non-transparent process, which leads to
some seemingly reasonable but absurd assertions that often appear in the natural lan-
guage generation of large language model. Knowledge graph is a formal representation of
knowledge, which inherently has the advantage of strong interpret ability. Therefore, the
introduction of knowledge graph in case representation can help to improve the interpret
ability of large language models.

Combined with the above technology we propose a set of case reuse design process,
first of all, data for including text, pictures and other types of multimodal storage mode of
data, and then combined with the powerful knowledge extraction capabilities of the large
model to extract all kinds of services required by the value of the data; extracted to the
data to build a knowledge base, which can rely on traditional relational databases, but also
can be referred to the graph of the data in order to store more structure of the informa-
tion, enhance the model reasoning ability in the process; knowledge retrieval intervenes
in multimodal retrieval technology, aligning all kinds of data information to improve the
retrieval efficiency; knowledge integration is the classification and summary of all the
data in the knowledge base to organise the work, which helps to manage the knowledge
base; at the same time, the knowledge base can’t avoid modification, and the knowl-
edge learning module realises the operations such as error identification, error correction,
de-emphasis and updating; combining knowledge retrieval technology and grouping and
aggregation Combined with knowledge retrieval technology and group aggregation tasks
and recommendation algorithms, reusable programme recommendation can be carried
out; the methods in knowledge learning can be empowered to the programme modifica-
tion design module. The flow is shown in Fig. 3.

For further exploration, we propose a framework for collaborative LLMs, KGs and
DBs, which consists of five layers, data, collaborative models, technologies, services and
applications. In the data layer, textual and structural data can be stored with various types
of DBs and KGs, and with the development of multimodal LLMs and KGs, the framework
can be extended to handle multimodal data, such as images. In the collaborative modelling
layer, LLMs, KGs and DBs can coordinate with each other to improve their respective
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Fig. 3. Case reuse design flow

capabilities, and LLMs can fill in the missing data in KGs and DBs; in the pre-training
phase, incorporating KGs and DBs into LLMs can help LLMs to learn the knowledge
from the knowledge base. In the technique layer, relevant technologies used in LLMs
and KGs can be incorporated into the framework, such as graph neural networks, few-
shot learning and reinforcement learning, to further improve performance. At the service
layer, related techniques can provide better solutions to the problems of case reuse, case
modification, and rule representation in hybrid CBR-RBR. At the application layer, LLMs
and KGs and DBs can be integrated to construct application products for large model-
enabled reusable design. The framework is shown in Fig. 4.

The two most critical aspects of reuse design are information extraction and infor-
mation alignment. We determine whether the current case is suitable for reuse through
the results of alignment. There are already mature cases in information extraction. For
example, TechGPT can extract domain terms, identify named entities, and extract rela-
tional triples, all of which are key technologies for knowledge graph construction. With
the extracted information, we can get the case characteristics and lay the foundation for
the subsequent work; GPT-4 has been able to perform multi-modal tasks, and it is also
helpful for feature extraction of case images. In terms of information alignment, the large
model has strong reasoning ability and generalization ability, and can clearly distinguish
whether the extracted features are similar or not, and whether they are recommended
cases. For example, in the reuse of drawings, the existing data include drawing design
information, two-dimensional drawings and three-dimensional models. The key features
of multi-modes can be extracted with the help of large models, and after obtaining sim-
ilar drawings, the information can be aligned to determine whether the two equipment
drawings are similar, which provides convenience for the reuse design of drawings.
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Fig. 4. Framework for co-operating with LLMs, KGs and DBs

4.5. Limitations and Future Work

This paper puts forward some new ideas and methods, but there are some limitations and
need to be improved in the future. Future work needs to further explore how to apply
these ideas and methods in practical scenarios to improve the efficiency and accuracy of
the design.

1. Multimodal data processing. The knowledge base proposed in this paper can be
extended to handle multimodal data, such as images. However, this paper does not give a
specific scheme on how to deal with multimodal data. Future work could further explore
how multimodal data can be processed and incorporated into existing knowledge bases.

2. The problem of large model enabling entity alignment tasks. In the future, we can
make use of existing entity alignment methods and make appropriate improvements, give
full play to the powerful generalization and reasoning ability of large language models,
and effectively improve the accuracy and efficiency of entity alignment of commodity
knowledge graph.

5. Conclusion

This review synthesizes recent progress in rule-based and case-based reasoning tech-
niques for reusable design in CAD software systems and summarizes the advantages and
disadvantages of CBR and RBR. The complementary strengths and weaknesses of RBR
and CBR highlight the potential of hybrid CBR-RBR approaches. RBR effectively repre-
sents structured expert knowledge as rules but lacks learning capabilities and flexibility.
CBR provides a framework for experience reuse from prior cases but relies heavily on
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surface similarities without deeper reasoning. The emergence of large language models
and knowledge graphs in artificial intelligence research offers new opportunities to over-
come these limitations. Advanced language comprehension and reasoning abilities enable
large models to better acquire domain knowledge, retrieve contextual cases, explain con-
nections, and adapt reasoning. Integrating them with structured knowledge graphs also
improves interpret ability.

The proposed reusable design framework combines RBR, CBR, large models, and
knowledge graphs into a hybrid approach. This allows leveraging the strengths of both
reasoning techniques while mitigating their weaknesses through large model augmenta-
tions. Such a hybrid framework paves the path toward more efficient, innovative, and sus-
tainable CAD reuse design. Intelligent case-based and rule-based reasoning empowered
by AI advances could transform engineering design by fully utilizing prior knowledge.
Further research is still needed to realize the potential benefits of reasoning-based CAD
systems enhanced by large models. But this review highlights promising directions and
a proposed framework to guide future efforts. Overall, the synergistic integration of rea-
soning techniques with modern AI can fundamentally reinvent reusable design, resulting
in greater automation, creativity, and intelligence in computer-aided engineering.
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Abstract. Geometric constraint solvers are crucial for computer-aided design (CAD),
and their algorithms are the focus of research. Current geometric constraint solvers
based on traditional numerical methods lack support for multi-solution problems, so
we propose a hybrid algorithm that combines the genetic algorithm, which is good
at global convergence, and Powell’s method, which is good at local refinement,
to address the limitations of traditional numerical methods in geometric constraint
solving algorithms (sensitivity to initial values, susceptibility to falling into local
optimums, and being only able to obtain a single solution) and the challenges of in-
telligent optimization algorithms (complex parameter tuning, slow convergence and
low accuracy). Our method has a large accuracy improvement over the comparison
method in basically all test cases, and its effciency can also meet the needs of real
geometric constraint solving scenarios. This research provides new insights into the
design of geometric constraint solving algorithms, offers a fresh perspective on im-
proving the performance and generality of solvers, and contributes to technological
advances in the CAD field.

Keywords: genetic algorithm, Powell’s algorithm, geometric constraint solving,
similarity calculation.

1. Introduction

Computer-aided design (CAD) is the most widely used modelling approach for engineer-
ing design. The typical starting point in these designs is 2D sketches which can later be
extruded and combined to obtain complex three-dimensional assemblies [17]. The geo-
metric constraint solver is a key component in this process, which is usually a key tech-
nology in parametric CAD design, and the geometric constraint solver algorithm is the
core of the geometric constraint solver. The accuracy and efficiency of the geometric con-
straint solver algorithm is related to the quality of the final product and the experience
of the designer, and the improvement of the geometric constraint solver algorithm has
always been an important research topic.

Samy Ait-Aoudia et al [1] classified geometric constraint solving techniques into three
categories: algebraic, rule-oriented and graph construction, where algebraic methods in-
clude numerical and symbolic methods. Numerical methods are widely used because they
are fast and applicable to almost all systems, but numerical methods have their inherent
defects, the most representative of which is the Newton-Raphson iterative method, which



1548 Sun Yunlei and Li Yucong

is widely used in solving geometric constraints based on numerical methods [10,12,16].
In these studies, the numerical methods converge faster but rely heavily on proper initial
value guessing, otherwise the algorithm will not converge or converge to a local optimal
solution, and only one root can be found by such methods. Therefore, numerical algo-
rithms can be used directly when dragging the geometry, when the solution is close to the
desired result.

In recent years, many scholars have tried to introduce intelligent optimisation algo-
rithms such as particle swarm algorithm, simulated annealing algorithm and genetic algo-
rithm to solve the shortcomings of traditional numerical methods [5,23,6]. In these stud-
ies, the intelligent optimization algorithm is relatively more relaxed on the initial value
requirements, with global convergence and can find multiple solutions to the problem,
but the algorithm’s parameter setting is complex, the convergence speed is slower, and
the accuracy of the results obtained by the algorithm is poor, which can not meet the
requirements of practical engineering use.

In this paper, a hybrid genetic-Powell algorithm (GA-Powell algorithm) combining
the advantages of numerical method and intelligent optimization algorithms proposed
based on the practical application scenario of chemical static equipment design. The al-
gorithm first uses the global search ability of the genetic algorithm to give rough initial
solutions, and then screens the initial solutions by similarity calculation to remove similar
initial solutions that are easy to converge to the same exact solution, and then inputs the
screened initial solutions into Powell algorithm for exact solution in order to obtain all the
solutions that conform to the design accuracy. Compared with the traditional numerical
algorithm, GA-Powell algorithm is slower, so it is not suitable to be used directly when
the user drags the geometry. Generally, it is used when the geometry is generated accord-
ing to commands or scripts. The proposed GA-Powell algorithm possesses the following
contributions:

- Taking advantage of the genetic algorithm, it makes up for the inherent defects of
Powell method that the initial value is sensitive, easy to fall into the local optimal
solution, and can only obtain one solution.

- Using the advantages of the Powell method, it makes up for the inherent defects of the
genetic algorithm that the parameter setting is complicated, the convergence speed is
slow and the accuracy is poor.

The high efficiency and accuracy of the GA-Powell algorithm meet the needs of prac-
tical geometric constraint solving scenarios, and the design ideas of the algorithm can
help guide the research of geometric constraint solving algorithms, which is conducive
to improving the performance and applicability of geometric constraint solvers. In the
following sections, we present our research results and analyses.

Section 2 provides an overview of existing geometric constraint solving methods,
especially the research based on numerical methods with intelligent optimisation algo-
rithms.

Section 3 presents the research methodology, including how geometric constraint
solving problems can be transformed into the optimisation problems, an overview of ge-
netic algorithms and Powell’s method, and the design and implementation of a hybrid
GA-Powell algorithm.
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Section 4 describes our experiments, including the experimental setup, systems of
equations for testing, and comparative analyses of number of solutions, solution accuracy
and solving time.

In Section 5, we will give some principles of parameter setting based on the analysis
of the experimental results in order to make the GA-Powell algorithm perform better in
different problem scenarios.

Finally, in Section 6, we summarise our main findings, discuss the contributions and
implications of the research, acknowledge the limitations and provide recommendations
for future research.

2. Related Work

According to the classification proposed by Samy Ait-Aoudia et al [1], geometric con-
straint solving methods can be broadly classified into three categories: algebraic methods,
rule-oriented methods and graph construction methods. In turn, algebraic methods include
numerical and symbolic methods as shown in Fig. 1.

Fig. 1. Classification of geometric constraint solving methods

Numerical methods convert a geometrically constrained system into a set of nonlinear
equations that are solved using numerical algorithms. This method, originally introduced
by Hillyard [7] at Cambridge University and further developed and improved by Gos-
sard [11] at MIT, is called variational geometry. Although these equations are usually
multi-solution, numerical methods usually find only one solution.Borning [2], Hillyard
and Braid [8] and Sutherland [21] use relaxation methods. This method interferes with
the values assigned to the variables and minimises the measure of global error. Typically,
convergence to a solution is slow.

The most widely used method is the Newton-Raphson iteration. It is used in the geo-
metric constraint solving described in Refs [10,12,16]. Newton-Raphson is a local method
that converges much faster than relaxation. However, this class of numerical methods re-
quires computing the gradient of the problem to iteratively update the values, and the
method is not applicable to systems of equations that are always overconstrained unless
special steps are taken, such as solving a least squares problem. It works well if a good
approximation of the expected solution is provided and the system is not pathological.
Thus, if the starting point is taken from the user’s sketch, then the sketch should approx-
imate the expected solution. Numerical methods are generalized and are used as a last
resort when other methods do not work well.



1550 Sun Yunlei and Li Yucong

Powell’s method is a direct search method, which makes full use of the objective
function’s sex state and constructs the conjugate direction by using the change of the
objective function value, and the optimization search method is based on the conjugate
direction, which makes it unnecessary to compute the gradient of the objective problem,
which greatly saves the amount of computation, and therefore the method has a high con-
vergence efficiency, and it is widely used in the field of optimization [4,9,13]. However,
Powell’s method still has the disadvantage that traditional numerical methods are sensitive
to the initial value and easy to fall into local optimization.

The symbolic method, like the numerical method, transforms a system of geomet-
ric constraints into a set of nonlinear equations. However, it uses symbolic algebra to
solve these constraints, using methods such as the Grobnacki method [3] or the Wu-Ritt
characteristic column method [22]. If symbolic parameters are used in a system of non-
linear equations, the symbolic method can find generalised solutions for geometrically
constrained systems, making it a very efficient method. However, the disadvantages of
this method are its slowness and its high time and space complexity, and therefore the
limitations on the types of geometric elements and constraints that can be used.

The rule-oriented geometric constraint solving method utilizes rules to define and
carry out the construction process, hence the name ”rule-construction solving method”.
This approach allows for clear representation of geometric knowledge, separating it from
the processing stage, and makes it easy to expand the rule base. However, this method
also has its drawbacks: the rules are often incomplete, the system is bulky, the solving
speed is slow, and it is unable to solve cyclic constraints.

The graph construction method converts the geometric constraint system into graphs,
deduces the construction process by analysing the geometric constraint graphs, and gen-
erates geometric shapes based on the construction steps. Currently, several researchers
use machine learning training datasets (e.g., SketchGraphs [20]) and frameworks (e.g.,
SketchGen [17]) to train models to automatically generate sketches, thereby reducing
design time and enabling new design workflows. The method is based on graph theory
and is theoretically rigorous, fast and efficient. However, it can only solve closed-loop
constraints by numerical methods. In addition, it is sensitive to the type of geometric el-
ements and constraints used, thus requiring modification of the solution algorithm when
new geometric elements or constraints are added, making this method less versatile.

The summary of geometric constraint solving methods is shown in Table 1. Numerical
methods are widely used in practical geometric constraint solving due to their universal
applicability, and improving their solving efficiency and stability is the focus of research
in this field.

Intelligent optimisation algorithms have entered the scholarly scene in recent years.
In this approach the problem is reinterpreted as an optimisation problem and solved using
genetic, particle swarm or other evolutionary methods such as [5,23,6]. It is stable and less
sensitive to initial value guessing, but its solution efficiency is low compared to traditional
numerical methods, which cannot meet the real-time demands of design work, and its
solution accuracy is relatively poor, problems that are illustrated in Ref. [24,25].

By comparing the characteristics of traditional numerical methods and intelligent op-
timisation algorithms, it can be found that the two can complement each other by com-
bining their strengths - the global convergence of intelligent optimisation algorithms can
make up for the shortcomings of traditional numerical methods that are sensitive to the
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Table 1. Summary of geometric constraint solving methods

Methods Advantages Applicable scene

Algebraic
Numerical Fast, general Most systems

Symbolic Effective, generic solution
Small systems with restricted
elements and constraints

Rule-oriented
Separate knowledge
and processing,
avoid numerical instability

Small systems

Graph Construction
Rigorous theory,
fast solving

Systems without new types
of elements and constraints

initial value, prone to falling into local optimal solutions and only able to obtain a sin-
gle solution, whereas the accuracy and high efficiency of traditional numerical algorithms
can make up for the slow convergence speed and accuracy of intelligent optimisation
algorithms. optimisation algorithm’s slow convergence speed and poor accuracy.

Therefore, in this paper, the classical algorithm genetic algorithm in intelligent opti-
mization algorithm and the classical algorithm Powell algorithm in traditional numerical
algorithm are fused to take advantage of the powerful global searching ability of the ge-
netic algorithm and the fast local convergence ability of the Powell method which does
not need to derive the objective function, in order to obtain a high-performance algorithm
for geometric constraint solving.

3. Methodology

3.1. Nonlinear equation systems and optimization problems

Often, designers sketch graphics can be based on the principles of analytic geometry
expressed in the form of a system of equations, the parameters and expressions of the
three basic geometric elements of the point, the line and the circle, as shown in Table 2,
and the problem of solving the system of equations can be transformed into the problem
of finding the extreme points of the function.

Table 2. Parameters and expressions for the three basic geometric elements: point, line
and circle

Geometric Representation Parameters Equation

Point P0 P0(x0, y0) x = x0, y = y0

line L(P1, P2) P1(x1, y1), P2(x2, y2)
x−x1
x2−x1

= y−y1
y2−y1

Circle C0 C0(x0, y0, r) (x− x0)
2 + (y − y0)

2 = r2
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A system of nonlinear equations consists of n equations involving n unknown quanti-
ties of the form 

f1(x1, x2, · · · , xn) = 0 ,
f2(x1, x2, · · · , xn) = 0 ,
· · · ,
fm(x1, x2, · · · , xn) = 0 ,

(1)

where fi(x) = 0(i = 1, 2, · · · ,m) is a system of nonlinear equations, x = (x1, x2, · · · , xn)
is the unknown vector of the system of equations.

The use of numerical methods and intelligent optimisation algorithms in solving sys-
tems of non-linear equations requires the conversion of a system of non-linear equations
problem into an optimisation problem. Converting a system of nonlinear equations into a
single objective optimisation problem is expressed in the form of

minF (x) =
∑m

i=1
|fi(x1, x2, · · · , xn)| , (2)

or
minF (x) =

∑m

i=1
f2
i (x1, x2, · · · , xn) . (3)

Then the problem of solving the system of nonlinear equations is transformed into
the problem of finding the minimum value of the fitness function F (x). In order to test
the ability of the GA-Powell hybrid algorithm to solve high power complex problems, in
this paper, the method of Eq. 3 is chosen to transform the system of equations into an
optimisation problem for solving the system of nonlinear equations.

3.2. Overview of genetic algorithm and Powell’s method

Genetic Algorithm (GA) is a prominent algorithm among meta-heuristics that draws in-
spiration from biological evolutionary processes [15]. GA emulates the Darwinian theory
of survival of the fittest in the natural world. J.H. Holland first proposed GA in 1992.

The fundamental elements of GA comprise chromosome representations, fitness se-
lections, and biologically inspired operators. Additionally, Holland introduced a novel
element called inversion, which is widely used in GA implementations [19]. Normally,
chromosomes are formatted using binary strings. In a chromosome, each locus (a specific
position on the chromosome) has two possible allele forms: 0 and 1. Chromosomes are
regarded as points in the solution space. These chromosomes undergo processing using
genetic operators, by iteratively cumulating their populations. The fitness function applies
in assigning a value to every chromosome within the population [15].

Operators inspired by biology include selection, mutation, and crossover. During se-
lection, a chromosome is selected for further processing based on its fitness value. In the
crossover operator, a random locus is selected, and subsequences between chromosomes
are altered to create offspring. During mutation, certain random bits of chromosomes are
flipped according to the probability distribution [19,26,15]. Table 3 displays the relation-
ship between biological evolution and genetic algorithm. And the general steps of the
genetic algorithm are shown in Fig. 2.

Genetic algorithm searches for diversity in the solution space and is more capable
of finding the global optimal solution compared to other intelligent optimization algo-
rithms without easily falling into the local optimal solution, which makes it perform well
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Table 3. Correspondence between biological evolution and genetic algorithm

Biological Evolution Genetic Algorithm

Individual Feasible solution to a problem

Population A group of feasible solutions

Chromosome Encoding corresponding to a feasible solution

Gene Element of the encoding

Environment Adaptive function

Survival of the Fittest
The more the adaptive value approximates the optimal
value, the more likely a feasible solution is to be retained.

Selection
The process of passing genetic information from
parent individuals to offspring individuals.

Crossover
The process of generating offspring individuals from
parent individuals through crossover.

Mutation Changing a portion of the chromosome encoding.

Fig. 2. Classification of geometric constraint solving methods
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in complex multi-peaked functions and high-dimensional spaces. Moreover, the genetic
algorithm is adaptive in the sense that it can automatically adjust to the complexity and
characteristics of the problem. This makes it applicable to a wide range of problem types
without the need to manually fine-tune the algorithm parameters. Meanwhile, the genetic
algorithm is easy to parallelize, and multiple individuals can be evaluated and evolved at
the same time, which improves the search efficiency, which facilitates the improvement
of the algorithm’s efficiency from the parallelization perspective in the future. Combining
the above advantages, we chose the genetic algorithm as part of the hybrid algorithm.

Powell’s method, also known as direction acceleration method, which was proposed
by Powell [18] in 1964, is a search method formed by using the property that conjugate di-
rections can accelerate the convergence speed. The steps of Powell’s algorithm are shown
in Algorithm 1. Powell’s method can be used to solve general unconstrained optimization
problems, and for the optimization problem of objective function with dimension n < 20,
this method can obtain more satisfactory results. Unlike other direct methods, Powell’s
method has a complete theoretical system, so its computational efficiency is higher than
other direct methods. The method does not require derivation of the objective function
and can be applied when the derivative of the objective function is discontinuous, there-
fore, Powell’s algorithm is a very effective direct search method, which we choose for fast
convergence.

Algorithm 1: Powell’s Method
1 Choose an initial point x0 and set pi = ei, for i = 1, 2, ..., n;
2 Compute x1 as the minimizer of f along the line x0 + αpn;
3 Set k ← 1;
4 while convergence test is not satisfied do
5 Set z1 ← xk;
6 for j = 1, 2, . . . , n do
7 Calculate αj so that f(zj + αjpj) is minimized;
8 Set zj+1 ← zj + αjpj ;
9 end

10 for j = 1, 2, . . . , n− 1 do
11 Set pj ← pj+1;
12 end
13 Set pn ← zn+1 − z1;
14 Calculate αn so that f(zn+1 + αnpn) is minimized;
15 Set xk+1 ← zn+1 + αnpn;
16 Set k ← k + 1;
17 end

3.3. Genetic-Powell hybrid algorithm

While the crossover and variational operators in genetic algorithms can look for solutions
to equations in the complete space of variables, Powell’s method does so rapidly and me-
thodically in the area around the convergence point with a high level of local convergence.
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To leverage the benefits of both approaches, this paper proposes the hybrid genetic-Powell
algorithm. The algorithm’s progression is explained as Algorithm 2.

Algorithm 2: GA-Powell Algorithm
Input: Optimized function F (X) representing the equation system, number of genetic

algorithm calls N , Euclidean distance threshold Ot

Output: Solution set of the equation system X∗

1 Initialize the initial solution set X0;
2 for i from 1 to N do
3 Obtain an initial solution xi using the genetic algorithm;
4 Add xi to the set X0;
5 end
6 for each initial solution xi in set X0 do
7 for each other element xj in set X0 except xi do
8 if Euclidean distance between xi and xj is less than Ot then
9 Remove xj from set X0;

10 end
11 end
12 end
13 Initialize the precise solution set X∗;
14 for each initial solution xi in set X0 do
15 Apply Powell’s algorithm to xi as the initial value and obtain the precise solution x∗;
16 Add x∗ to set X∗;
17 end
18 Output Set X∗ containing precise solutions;

Genetic algorithm has strong global search ability, Powell locally and carefully searches
for solutions near the convergence point and has high local convergence. The termination
condition of the genetic algorithm is the set number of genetic generations. In order to
play the global search ability of genetic algorithm, in this paper, when using genetic algo-
rithm to obtain a set of initial solutions, it is not necessary to set the genetic generations
to be very large in order to avoid missing some feasible solutions; at the same time, ap-
propriately increase the number of individuals in the population and the mutation rate, in
order to give full play to the global search ability of genetic algorithm.

After cyclically calling the genetic algorithm to obtain the initial solution, the algo-
rithm calculates the similarity between the initial solutions to exclude the invalid solu-
tions, i.e., to exclude multiple initial solutions that will converge to the same optimal
solution, in order to greatly reduce the useless calculations and improve the efficiency
of the algorithm. Euclidean distance is the simplest and easiest to understand method in
all similarity calculations, and Euclidean distance is more suitable for data with obvious
geometric structure in geometrically constrained solution scenarios, so we use Euclidean
distance to determine the similarity of the solutions, and if the distance is greater than the
set threshold then it is judged to be dissimilar, and the dissimilar solutions are retained.
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Fig. 3. The arc is tangent to the right of the line segment.

Fig. 4. The arc is tangent to the left of the line segment.
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4. Experiment

In this paper, the application scenario of GA-Powell algorithm is static equipment design
in chemical industry, which mainly involves geometric elements such as arcs and lines.
The Fig. 3 and Fig. 4 show a simplified design example: if the head of the tower is tangent
to the upper side of one barrel, there are two solutions as shown in the figure (regardless of
the concave head into the barrel). Let the lower endpoint of the line segment be (x1, y1),
the upper endpoint be (x2, y2), the center of the arc be (xc, yc), and the radius be R, then
the constraint equation of this example is:

√
(x1 − 0)

2
+ (y1 − 0)

2
= 5,

y1 = 0,
x2 = x1,√
(x2 − x1)

2
+ (y2 − y1)

2
= 40,

R = 15,
yc = y2,√
(xc − x2)

2
+ (yc − y2)

2
= R.

(4)

Regardless of the optimization of the actual solver, the equations are input into GA-
Powell algorithm and two optimal solutions are obtained. Optimal solution 1 is
(5.000000000000956, 0.00000000000074145893, 5.000000000001288, 39.9999999999
9704, 14.999999999998659, -9.999999999995033, 39.99999999999881). Optimal solu-
tion 2 is (4.999999999997651, -0.00000000000083986589, 4.999999999998072, 39.9
99999999999254, 15.000000000000888, 19.999999999997126, 39.99999999999913). The
errors of the solutions are all within 10−20, and the solution time is 0.245536 seconds.

In order to better test the performance of the GA-Powell algorithm for solving multi-
root nonlinear systems of equations, for the convenience of comparison and without loss
of generality, we use 9 selected systems of equations from reference [14] as the test sys-
tems of equations and compare them with the PGWO method proposed in that literature.
And in order to prove that the GA-Powell algorithm is insensitive to the initial value, the
initial value intervals of all the test equation sets except Eq. 8 are set to [-10, 10]. The
simulation experiments were implemented in python on a PC with a CPU of AMD Ryzen
7 6800H at 3.20 GHz and 16.0 GB of RAM. Some of the key quantitative results are
selected below to show the effect of the algorithm.

The experiment 1 is to solve{
f1(x) = x2

1 + x2
2 − 2 = 0 ,

f2(x) = x2
1 + x2

2/4− 1 = 0 ,
(5)

the equation has four solutions, which are
(−0.8165,−1.1547)T , (0.8165,−1.1547)T ,
(−0.8165, 1.1547)T , (0.8165, 1.1547)T .

and {
f1(x) = x4

1 + 4x4
2 − 6 = 0 ,

f2(x) = x2
1x2 − 0.6787 = 0 ,

(6)
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the equation has four solutions, which are
(−1.56353, 0.27763)T , (1.56353, 0.27763)T ,
(−0.78971, 1.08830)T , (0.78971, 1.08830)T .

The parameters are set as follows: the number of cycles of the genetic algorithm N =
10, the population is 100, the maximum number of iterations of the genetic algorithm is
50, the mutation rate is 0.03, and Powell’s method has a maximum number of iterations
of 500 and a convergence accuracy of 10−20. The results of the experiment are shown in
Table 4.

Table 4. Experiment 1 results

Equation GA-Powell Error

Eq. 5

-0.816496580927726
0.0

1.1547005383792515

-0.8164965809277257
1.9721522630525295e-31

-1.154700538379252

0.8164965809277259
1.8858706015439813e-28

1.1547005383792575

0.8164965809277255
2.197470659106281e-28

-1.1547005383792457

Eq. 6

-1.5635325915863936
4.078467204661264e-23

0.27762845243830503

-0.7897063597753254
4.2762300902543955e-24

1.0882948602064995

0.7897063597753038
2.9496002284279395e-29

1.0882948602066016

1.5635325915863927
8.496843844873951e-23

0.2776284524446274

As can be seen in Table 4, the GA-Powell algorithm is able to find all solutions and
has higher accuracy compared to the PGWO method solutions. However, the accuracy of
the solution of eq. 6 with higher powers decreases compared to eq. 5. The solution took
0.321683 seconds and 0.317919 seconds, respectively.

Experiment 2 solves the Eq. 7, Eq. 8 and Eq. 9. The parameters are set as follows: the
number of cycles of the genetic algorithm N = 50, the population is 100, the maximum
number of iterations of the genetic algorithm is 50, the mutation rate is 0.03, and Powell’s
method has a maximum number of iterations of 500 and a convergence accuracy of 10−20.
The results are shown in Table 5, Table 6 and Table 7.{

cos(2x1)− cos(2x2)− 0.4 = 0 ,
2(x2 − x1) + sin(2x2)− sin(2x1)− 1.2 = 0 ,

(7)
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the equation has 13 solutions, which are
(−9.268258,−8.931402)T , (−8.744542,−7.164787)T , (−6.126665,−5.789809)T ,
(−5.602950,−4.023195)T , (−2.985073,−2.648216)T , (−2.461357,−0.881602)T ,
(0.156520, 0.493376)T , (0.680236, 2.259991)T , (3.298113, 3.634969)T ,
(3.821828, 5.401583)T , (6.439705, 6.776562)T , (6.963421, 8.543176)T ,
(9.581298, 9.918154)T .

Table 5. Experiment 2 results of Eq. 7

Equation No. GA-Powell Error

Eq. 7

1
9.581298030452515

5.068086189398967e-25
9.918154334992423

2
-6.12666523749644

2.3517915736901414e-28
-5.7898089329563325

3
6.439705376862722

2.7240353133413064e-30
6.776561681402831

4
-2.985072583906657

5.053640174072107e-31
-2.648216279366548

5
-5.602949507250662

2.6262773526874095e-24
-4.023194565762204

6
3.8218284535187137

8.69749223328177e-25
5.401583395006905

7
-2.4613568536608685

1.025081519222289e-24
-0.88160191217265

8
-9.268257891086272

7.002171694601335e-23
-8.931401586543789

9
0.6802357999289202

6.570829235990062e-27
2.259990741416713

10
-8.74454216084046

1.474125009516472e-24
-7.164787219352157

11
6.963421107108508

5.089100457837923e-25
8.543176048596612

12
3.2981127232729306

2.430470957633393e-22
3.634969027817465

13
0.15652006968312956

2.9416965098544255e-22
0.4933763742281069
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As can be seen from Table 5, the GA-Powell algorithm is still able to find all exact
solutions for problems with a large number of roots. The solution took 1.758389 seconds.{

sin(x1
3)− 3x1x

2
2 − 1 = 0 ,

cos(3x1
2x2)−

∣∣x3
2

∣∣+ 1 = 0 ,
(8)

the equation has 10 solutions, which are
(−1.810885,−0.3490924)T , (−1.810885, 0.3490924)T , (−1.502221,−0.409077)T ,
(−1.502221, 0.409077)T , (−1.791302, 0.301926)T , (−1.791302,−0.301926)T ,
(−0.947268, 0.785020)T , (−0.947268,−0.785020)T , (−0.213057, 1.256845)T ,
(−0.213057,−1.256845)T .

Since Eq. 8 had too many solutions in the interval [−10, 10], the interval was nar-
rowed down to [−2, 2]. The GA-Powell algorithm did a better job of solving the problem,
obtaining all the exact solutions. The solution took 1.923495 seconds.

Table 6. Experiment 3 results of Eq. 8

Equation No. GA-Powell Error

Eq. 8

1
-0.9472681469862627

4.930380657631324e-32
0.7850200155682888

2
-1.5022159860694961

4.601031229701551e-28
0.40907656829415534

3
-0.2130566192382045

3.059160711793778e-22
1.256845317434239

4
-1.5022159860694986

3.5745259767827097e-31
-0.4090765682941479

5
-0.947268146986263

7.643742929444023e-26
-0.7850200155682433

6
-1.810885199439986

3.5745259767827097e-31
-0.3490909919763665

7
-1.791302084615447

4.930380657631324e-32
-0.3019263417131378

8
-1.7913020846154477

4.6459929979441084e-23
0.3019263417147986

9
-0.2130566192381985

2.7295323426479193e-24
-1.2568453174310898

10
-1.810885199439986

3.5745259767827097e-31
0.34909099197636656
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−3.84x1
2 + 3.84x1 − x2 = 0 ,

−3.84x2
2 + 3.84x2 − x3 = 0 ,

−3.84x3
2 + 3.84x3 − x1 = 0 ,

(9)

the equation has 8 solutions, which are
(0.0000, 0.0000, 0.0000)T , (0.4881, 0.9594, 0.1495)T , (0.5403, 0.9538, 0.1694)T ,
(0.9594, 0.1494, 0.4879)T , (0.1494, 0.4881, 0.9594)T , (0.9538, 0.1693, 0.5402)T ,
(0.1693, 0.5399, 0.9538)T , (0.7396, 0.7396, 0.7396)T .

Table 7. Experiment 3 results of Eq. 9

Equation No. GA-Powell Error

Eq. 9

1

0.5403878416288977

2.465190328815662e-320.9537362774344668

0.16943381967326443

2

0.7395833333333289

5.465303046638133e-250.7395833333333411

0.739583333333685

3

0.16943381967327076

5.724788241092171e-270.5403878416289855

0.9537362774344623

4

0.9537362774344795

9.46563760490936e-260.16943381967316742

0.5403878416283857

5

0.14940689655344594

6.407722999371885e-290.48800438713233574

0.9594474442442135

6

0.48800438713234184

9.013968437314468e-290.959447444244211

0.14940689655344785

7

0.9594474442438022

3.51920906640077e-240.14940689655528064

0.4880043871388201

8

-0.00000000000130681231

3.8675468719474286e-220.00000000000393663907

-0.00000000000165209884
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As can be seen from Table 7, the GA-Powell algorithm still solves well when the
number of variables increases. The solution took 1.951163 seconds.

From the above experiments, it can be seen that the GA-Powell algorithm proposed in
this paper is able to find all the solutions of the above nine systems of equations with high
solution accuracy, fast solution speed and insensitivity to the setting of the initial value.

5. Discussion

From the experiments in Section 4, it can be seen that the GA-Powell algorithm proposed
in this paper indeed balances the advantages of the genetic algorithm and the Powell algo-
rithm, and is able to accurately solve all the solutions of the problem with a large range of
initial values, which is more effective compared to the PGWO method in reference [14].
The proposed algorithm theoretically gives an effective idea for solving multi-solution
problems in the geometric constraint solving domain. This section mainly discusses the
principle of parameterization of GA-Powell algorithm when targeting different types of
systems of equations based on experimental results.

5.1. Systems of equations with a greater number of roots

The problems in Experiment 2 have a large number of solutions, and this kind of equations
mainly test the global search ability of the genetic algorithm. When setting the parameters
of the genetic algorithm, we should focus on enhancing its global search ability, so we
need to increase the population size to increase the breadth of the search space, increase
the variation rate to jump out of the local optimum, and also increase the number of times
to call the genetic algorithm to obtain the initial value. The above operations can be used
to make the genetic algorithm give initial values for all solutions for Powell’s algorithm
to converge to the exact solution.

5.2. Systems of equations with densely distributed roots

The roots of Eq. 9 are distributed in a small range of intervals, and the Euclidean distance
between the solutions of such systems of equations is small, i.e., the similarity between
the solutions is high, so when the genetic algorithm outputs the initial solutions and then
screens them, it is necessary to reduce the Euclidean distance threshold for determining
the similarity of the two values so as not to exclude the valid initial solutions.

5.3. Systems of equations with higher powers

Eq. 6 has higher powers of the variables, and these systems of equations are more com-
plex and computationally intensive, requiring an increase in the number of iterations and
termination accuracy of Powell’s algorithm in order to obtain a highly accurate solution.

It can also be seen from the above discussion that the GA-Powell algorithm has lim-
itations in terms of the parameter tuning problem, and the parameter adaptivity needs to
be enhanced in the future; at the same time, the number of test cases used in this paper
is not large enough, and there is a need to test the effectiveness of the algorithm by using
more test cases and applying the algorithm to a real geometric constraint solver.
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6. Conclusion

The conclusion of this paper highlights the research used to address the lack of support
for solving multi-solution problems by geometric constraint solvers based on traditional
numerical algorithms, which focuses on genetic algorithms and Powell algorithms, and
the proposed hybrid GA-Powell algorithm combines the advantages and compensates for
the shortcomings of the two. The results are compared and analysed in terms of the num-
ber of solutions, solution accuracy and solution time. The research successfully enhances
the support of geometric constraint solving algorithm for solving multi-solution problems
and obtains the following main research results:

- To address the shortcomings of the most prevalent geometric constraint solving algo-
rithms based on traditional numerical algorithms investigate the selection of suitable
algorithms in order to hybridize them in order to create complementary effects.

- The proposed GA-Powell hybrid algorithm has the advantages of high accuracy, high
efficiency and high robustness in solving multi-solution problems.

- The experience of the GA-Powell hybrid algorithm is given to guide the parameter
selection in different scenarios.

In this study, the method of mixing genetic algorithm with Powell algorithm to en-
hance the performance of geometric constraint solving algorithm is proposed, which pro-
vides a new idea to improve the solving of geometric constraints. The effectiveness of the
GA-Powell algorithm is verified by conducting scientific analog simulation tests, which
provides an important method for CAD systems to solve geometric constraint problems
with multiple solutions. The results of the research are of great significance in guiding the
further development and improvement of geometrically constrained solvers in the field of
CAD, providing practical experience and suggestions for related work.

Future work in this research includes enhancing the parameter adaptivity of the al-
gorithm, using more test cases, and applying the algorithm to a real geometric constraint
solver through user experience in order to test the effectiveness of the algorithm.

References

1. Ait-Aoudia, S., Bahriz, M., Salhi, L.: 2d geometric constraint solving: An overview. In: 2009
Second International Conference in Visualisation. pp. 201–206. IEEE (2009)

2. Borning, A.: The programming language aspects of thinglab, a constraint-oriented simulation
laboratory. ACM Transactions on Programming Languages and Systems (TOPLAS) 3(4), 353–
387 (1981)

3. Bose, N., Bose, N.: Gröbner bases: An algorithmic method in polynomial ideal theory. Springer
(1995)

4. Chen, R., Chu, J., Zhang, B.: A coincidental calculation method of some terminal-guided pro-
jectile inertial navigation segment ballistic coeffcients based on powell method. Fire Control &
Command Control 45(8), 176–180 (2020)

5. Chunhong, C., Bin, Z., Limin, W., Wenhui, L.: The parametric design based on organizational
evolutionary algorithm. In: PRICAI 2006: Trends in Artificial Intelligence: 9th Pacific Rim In-
ternational Conference on Artificial Intelligence Guilin, China, August 7-11, 2006 Proceedings
9. pp. 940–944. Springer (2006)



1564 Sun Yunlei and Li Yucong

6. Gao, X., Sun, L., Sun, D., et al.: Artificial immune-chaos hybrid algorithm for geometric con-
straint solving. Inf. Technology J pp. 360–365 (2009)

7. Hillyard, R., Braid, I.: Analysis of dimensions and tolerances in computer-aided mechanical
design. Computer-Aided Design 10(3), 161–166 (1978)

8. Hillyard, R., Braid, I.: Characterizing non-ideal shapes in terms of dimensions and tolerances.
In: Proceedings of the 5th annual conference on Computer graphics and interactive techniques.
pp. 234–238 (1978)

9. Li, C., Li, G., Tan, Y., Xu, X.: Medical image registration algorithm based on powell algorithm
and improved genetic algorithm. Journal of Computer Applications 33(3), 640–644 (2013)

10. Light, R., Gossard, D.: Modification of geometric models through variational geometry.
Computer-Aided Design 14(4), 209–214 (1982)

11. Light, R.A., Gossard, D.C.: Variational geometry: a new method for modifying part geometry
for finite element analysis. Computers & Structures 17(5-6), 903–909 (1983)

12. Lin, V.C., Gossard, D.C., Light, R.A.: Variational geometry in computer-aided design. ACM
SIGGRAPH Computer Graphics 15(3), 171–177 (1981)

13. Liu, X., Yin, X., Li, C.: Improvements of powell mechanical optimization. Journal of Machine
Design 36(6), 80–86 (2019)

14. Lu, M., Qu, L., He, D.: Pathfinder grey wolf algorithm for solving multiple-roots nonlinear
equations. Chinese Journal of Engineering Mathematics 39(6), 957–968 (2022)

15. Michalewicz, Z., Schoenauer, M.: Evolutionary algorithms for constrained parameter optimiza-
tion problems. Evolutionary computation 4(1), 1–32 (1996)

16. Nelson, G.: Juno, a constraint-based graphics system. In: Proceedings of the 12th annual con-
ference on Computer Graphics and Interactive Techniques. pp. 235–243 (1985)

17. Para, W., Bhat, S., Guerrero, P., Kelly, T., Mitra, N., Guibas, L.J., Wonka, P.: Sketchgen: Gener-
ating constrained cad sketches. Advances in Neural Information Processing Systems 34, 5077–
5088 (2021)

18. Powell, M.J.: An efficient method for finding the minimum of a function of several variables
without calculating derivatives. The computer journal 7(2), 155–162 (1964)

19. Sampson, J.R.: Adaptation in natural and artificial systems (john h. holland) (1976)
20. Seff, A., Ovadia, Y., Zhou, W., Adams, R.P.: Sketchgraphs: A large-scale dataset for modeling

relational geometry in computer-aided design. arXiv preprint arXiv:2007.08506 (2020)
21. Sutherland, I.E.: Sketchpad: A man-machine graphical communication system. In: Proceedings

of the May 21-23, 1963, spring joint computer conference. pp. 329–346 (1963)
22. Wenjun, W.: Basic principles of mechanical theorem proving in elementary geometries. Se-

lected Works Of Wen-Tsun Wu p. 195 (2008)
23. Yuan, H., Li, W., Yi, R., Zhao, K.: The tpso algorithm to solve geometric constraint problems.

Journal of Computational Information Systems 2(4), 1311–1316 (2006)
24. Yuan, H., Chang, X.: Combining genetic algorithm with simlex method for geometric con-

straint solving. In: 2010 International Conference on Computer, Mechatronics, Control and
Electronic Engineering. vol. 1, pp. 453–455. IEEE (2010)

25. Yuan, H., Yu, C.: Optimization genetic algorithm for geometric constraint solving. In: 2010
International Conference on Artificial Intelligence and Education (ICAIE). pp. 590–593. IEEE
(2010)

26. Zbigniew, M.: Genetic algorithms+ data structures= evolution programs. Comput Stat pp. 372–
373 (1996)

Sun Yunlei (Corresponding author: sunyunlei@upc.edu.cn) is a PhD, associate professor
and master director, who graduated from Beijing University of Posts and Telecommu-
nications with a doctorate degree in engineering in 2014. In recent years, he has been



A Hybrid GA-Powell Algorithm... 1565

engaged in the research of intelligent design, machine learning and other fields, presided
over a number of special projects of basic scientific research operations of central uni-
versities, lateral projects of enterprises and institutions, and participated in the projects
of National 863 and 973 projects, National Natural Science Foundation of China, and
Shandong Provincial Natural Fund as an academic backbone.

Li Yucong received his B.S. degree in Computer Science and Technology from China
University of Petroleum (East China) in 2021. Currently, he is a master’s student at China
University of Petroleum (East China). His main research interests are geometric constraint
solving problems in computer-aided design.

Received: September 07, 2023; Accepted: January 05, 2024.





Computer Science and Information Systems 21(4):1567–1582 https://doi.org/10.2298/CSIS231015048L

ALFormer: Attribute Localization Transformer in
Pedestrian Attribute Recognition

Yuxin Liu, Mingzhe Wang, Chao Li, and Shuoyan Liu⋆

Institute of Computing Technology, China Academy of Railway Sciences Corporation Limited
Beijing, China

{yxin l,zzh355997367,lchao1234}@163.com
06112062@bjtu.edu.cn

Abstract. Pedestrian attribute recognition is an important task for intelligent video
surveillance. However, existing methods struggle to accurately localize discrimi-
native regions for each attribute. We propose Attribute Localization Transformer
(ALFormer), a novel framework to improve spatial localization through two key
components. First, we introduce Mask Contrast Learning (MCL) to suppress re-
gional feature relevance, forcing the model to focus on intrinsic spatial areas for
each attribute. Second, we design an Attribute Spatial Memory (ASM) module to
generate reliable attention maps that capture inherent locations for each attribute.
Extensive experiments on two benchmark datasets demonstrate state-of-the-art per-
formance of ALFormer. Ablation studies and visualizations verify the effectiveness
of the proposed modules in improving attribute localization. Our work provides a
simple yet effective approach to exploit spatial consistency for enhanced pedestrian
attribute recognition.

Keywords: spatial attention, attribute localization, contrast loss, random mask.

1. Introduction

Due to the constant demand for intelligent video surveillance and psychosocial behavior
research, Pedestrian Analysis Recognition (PAR) is a long-standing research topic.Compared
to low-level features, pedestrian attributes can be considered high-level semantic informa-
tion and are more robust against changes in lighting conditions and viewpoint. Therefore,
PAR is widely applied in the tasks of person re-identification, face verification, and human
identity recognition.

With the development of deep learning technology, PAR has made significant progress
in the past decade. Existing methods[1–4] mainly use complex networks such as Feature
Pyramid Network (FPN) to enrich attribute representation from multilevel feature maps
and combine attention mechanisms to accurately locate attribute-related regions. How-
ever, these CNN-based methods emphasized the extraction of local features, it is difficult
to capture long-range dependencies.

In recent years, vision transformers such as ViT [5], DeiT[6]and Swin Transformer[7]
have been widely used in various computer vision tasks, which combine the learning
methods of natural language processing and computer vision. Using the multi-head self-
attention module to focus on multiple areas at the same time, transformer-based models

⋆ Corresponding author
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(a) (b)

Fig. 1. Illustration of the problem of predicting by inter-attribute correlation and our
main hypothesis on attribute localization.In(a), Class Activation Maps (CAM)[8] (with
red boundary) of the baseline method in “short sleeve” and “trousers” attributes of the
PA100K are visualized in the second row. Attribute-related regions of each attribute are
plotted by the red dotted frame in the first row. In (b), it mainly expresses the process of
Swin Transformer utilizes correlation between attributes for prediction, where the green
attributes indicate the attributes that Swin Transformer focus on, and the yellow
attributes indicate the attributes that Swin Transformer predicts based on the correlation

can capture long-range dependencies and retain more detailed information, which makes
them suitable for extracting rich structural features. However, they mainly complete fea-
ture extraction by modelling the fine-grained relevance of images. In the task of PAR,
it is manifested as over-reliance on attribute relevance for prediction, thereby reducing
the accuracy of attribute positioning. As shown in Figure 1(a), for pedestrian A, Swin
Transformer focuses on the short sleeve attribute region and can identify pedestrian A as
a person with shorts based on its correlation to the short sleeve. However, for pedestrian
B with trousers instead of shorts, the correlation between the short sleeve and shorts does
not exist. In this case, Swin Transformer still tends to use the prior correlation to predict
via focusing on the short sleeve attribute region, which results in incorrectly attribute lo-
calization and predicting the trousers as shorts attribute for pedestrian B. Furthermore,
recognition errors may occur for other attributes such as ’handbag’, ’female’, and ’long
hair’. Although there is a significant correlation between these attributes, it is not absolute.
In the PA100k [1] dataset, a considerable proportion of males carry handbags. Therefore,
conventional Swin Transformer-based methods struggle to achieve satisfactory recogni-
tion results for these attributes due to incorrect attribute relevance. This highlights the
baseline network’s over-reliance on attribute relevance. So correct semantical correlation
(such as gender attributes and skirt attributes) is critical between attributes [9].

Additionally, we hypothesize that the spatial location of the same attribute mostly ap-
pears at the similar position between different pedestrian images. For example, the short
sleeve attribute and the trousers attribute mostly appear in the upper and lower part of
the picture, respectively, which is shown in the first row of Figure 1(b). However, we
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observe that Class Activation Maps (CAM) [8] of the same attribute generated by the
baseline method exhibit significant location variations. Some examples are shown in the
second row of Figure 1(b). Considering two aspects, we propose Attribute Localization
Transformer (ALFormer). Specifically, ALFormer uses attribute spatial memory(ASM)
module that generates reliable and stable attribute-related regions to suppress position
shifts caused by over-fitting or label noise of single image. Then ASM extracts inherent
information based on accurate attribute positions, which assists to extract more compre-
hensive and represent attribute spatial features. Experimental evaluations results show that
the proposed method achieves 1.79% and 2.34% improvements on widely adopted public
datasets PA100k and PETA..

We make the following four contributions in this works:

• The Attribute Localization Transformer (ALFormer), a novel Transformer framework
is proposed to extract comprehensive attribute spatial information for pedestrian at-
tribute recognition.

• Mask Contrast Learning (MCL) scheme is introduced to suppress relevance to locate
more precise region for each attribute.

• The Attribute Spatial Memory (ASM) module is designed to generate exact spatial
attention regions and extract discriminative semantic features for each attribute.

• The experiments on two datasets (PETA and PA100K) show that our framework has
excellent performance compared with several other state-of-the-art methods. In addi-
tion, we also present visualization results to verify the effectiveness of the proposed
framework.

2. Related Works

Due to the constant demand for intelligent video surveillance and psychosocial behavior
research, pedestrian attribute recognition is an important and challenging task.

Early methods [10–12] usually rely on hand-crafted features and learn individual clas-
sifiers for each attribute. Kumar et al. [11] extracted HOG and color histograms of im-
portant facial feature areas and then trained multiple support vector ma-chines for facial
attribute recognition. Bourdev et al. [12] developed a three-layer SVM method to extract
high-level semantic information. However, it cannot effectively utilize the potential rele-
vance between attributes for separated classifiers.

Recently deep learning is well incorporated into PAR from a variety of studies. Liu
et al. [13] designed a deep CNN composed of LNet and ANet to locate faces and pre-
dict facial attributes. Abdulnabi et al. [14] proposed a joint multi-task learning method to
achieve information sharing between attributes for clothing attribute prediction. Hand and
Chellappa [15] adopted a multi-task learning CNN method based on a grouping scheme
to classify facial attributes. Han et al. [16] designed a Deep Multi-Task Learning CNN
method (DMTL) that learns shared features for all attributes and specific category features
for heterogeneous attributes. Li et al. [17] proposed a landmark-free facial attribute predic-
tion method that does not rely on landmark an-notations. Li et al. [18] introduced pedes-
trian structural knowledge into pedestrian at-tribute recognition and proposed a posture-
oriented pedestrian attribute deep prediction model.

Based on global feature similarities, the JRL network [19] uses Long Short-Term
Memory [20] to treat the pedestrian attribute recognition task as a sequence prediction
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problem. Attention mechanisms [1, 2, 18, 21, 22] are widely used in pedestrian attribute
recognition to locate attribute-related regions and learn discriminative feature represen-
tations. Tan et al. [21] proposed a pedestrian attribute analysis method based on parsing
attention, label attention, and spatial attention. The multi-directional attention module
HydraPlus-Net [1] extracts pixel-level features and semantic-level features to locate fine-
grained attributes. Liu et al. [2], based on CAM [8] and EdgeBox [23], proposed a Lo-
calization Guided Network method to extract attribute-related local features. The PGDM
[18] framework uses a pre-trained human soft tube estimator and Spatial Transformer
Networks (STNs) [24] to generate reliable attribute-related regions.

In recent years, Transformers have played an extremely important role in deep learn-
ing. It is a model proposed by Vaswani et al. [25] for natural language processing (NLP)
tasks with far-reaching impact. The Vision Transformer (ViT) proposed by Dosovitskiy
et al. [5] achieved breakthrough applications in the field of computer vision, combining
learning methods from natural language processing and computer vision, using multi-
head self-attention modules to simultaneously focus on multiple regions, capture long-
range dependencies and retain more detailed information, thereby extracting rich struc-
tural features to achieve higher performance improvements. DeiT proposed by Touvron et
al. [6] uses knowledge distillation to guide transformers to learn more effectively so that
the network no longer needs large-scale pre-training data. To reduce computation of ViT,
Liu et al. proposed the Swin Transformer [7], which introduces a shift-window-based
attention mechanism to reduce computational costs. Transformer models achieve com-
petitive performance in different computer vision tasks. However, such methods usually
rely too much on predicting image region relationships, which leads to biased learning of
attribute position information in PAR.

As stated, previous methods generally considered aspects such as global or local
pedestrian images, attention mechanisms, and attribute correlation but these methods only
considered a single image and could not fully exploit the spatial information of each
pedestrian attribute. In contrast, our method makes full use of the potential attribute spatial
information among different images. With proposed ASM and MCL modules, framework
can better focus on attribute region and in turn obtain robust performance.

3. Attribute Localization Transformer (ALFormer)

This section first describes the overall architecture of Attribute Localization Transformer
(ALFormer). After that, we present an attribute joint learning framework composed of
two parts: an attribute spatial module (ASM) module and a mask contrast learning (MCL)
scheme that incorporates Random Mask and contrast loss. Finally, we present the detail
of the employed loss function for ALFormer.

3.1. Overall Architecture

Figure 2 shows the overall structure of the proposed ALFormer framework. Our basic net-
work is identical to the four stages of Swin Transformer. Given a 2D image, it uniformly
splits the input image into a sequence of 2D non-overlapping flattened patches. However,
studies have shown that basic network over-reliance on attribute relevance for predic-
tion, thereby reducing the accuracy of attribute positioning. This paper proposes MCL



ALFormer: Attribute Localization Transformer. . . 1571

Fig. 2. Overall framework architecture

scheme. It first introduces a random mask module that obtains feature map from stage 1
and generates two results: Fmask and FOri .Fmask (masked feature map) is fed into the
rest stages and classifier to obtain prediction logits Mask. FOri(original input feature
map) is put into stage 2,3,4 and ASM module to generate prediction logits. ASM mod-
ule generates spatial attention map and embedded vector Vi for each attribute. ALFormer
calculates contrast loss between logits and logits Mask. In addition, classification loss
is calculated by logits. Finally, ALFormer outputs the predicted score on attributes.

Fig. 3. MCL scheme structure. We introduce Random Mask (RM) on the feature map of
backbone stage 1, and calculate the contrast loss with the original feature prediction

3.2. Mask Contrast Learning Scheme

As illustrated in Figure 2, the summation of ASM module and MCL scheme is to capture
the spatial information of pedestrian attributes. Different spatial regions in input image
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are associated with different attributes. It is desirable to focus on related regions when
recognizing one attribute. However, we observe that Swin Transformer tends to focus on
a relatively small number of local regions within which attributes may be correlated with
other attributes, which leads Swin Transformer to predict attributes in those neglected re-
gions based on such correlation. In fact, discriminative information may exist within these
neglected regions, which is crucial for attribute identification. To address this problem, we
propose MCL scheme which consists of Random Mask and contrast loss. It can force the
framework to focus on intrinsic and discriminative attribute spatial regions for PAR tasks.
The MCL scheme is illustrated in Fig.3

Different from existing random occlusion schemes, the proposed MCL scheme is per-
formed at the feature level. The advantage is to reduce the correlation among feature
regions and force the framework to focus on exact attribute spatial regions.

Specifically, random mask features are generated for each batch of input image at
corresponding number. And then, Stage 1 of the framework outputs FOri in the spatial
dimension of the feature map, as shown in the formula:

Fmask = RM(FOri) (1)

A contrast loss function Lcon is set at the classifier stage to evaluate the difference
be-tween prediction results with and without Random Mask.As shown in the formula:

Lcon = −predOri × log(predMask) (2)

3.3. Attribute Spatial Memory Module

In this section, we propose the Attribute Spatial Memory(ASM) module to tackle the spa-
tial attention region deviation problem. As shown in Figure 4, we visually demonstrate
how to extract attribute spatial and semantic feature from ASM module. ASM module
first takes input feature to generate attention map A ∈ RB×M×H×W , and then selects re-
liable ones and saves them in Memory module. Finally, it generates exact spatial attention
regions and extract discriminative semantic features for each attribute.

In detail, ASM module takes feature map F ∈ RB×C×H×W and classifier weight
w ∈ RM×C as inputs, where F ∈ RB×C×H×W is the output of the backbone framework
and H,W,C represent height,width and channel dimension of feature map.

Inspired by CAM[8], we introduce probability values as a criterion to construct spatial
attention. As shown in the formula, ASM generates attention maps for each attribute by
weighting the classifier:

Attention Map Ai,m = wm · Fi(x, y) m = 0, 1, 2 . . . ,M − 1 (3)

where M is the number of attributes, Fi is the feature map of the backbone framework,
wm is the classifier weight of the m-th attribute.

After getting the spatial attention regions of each attribute, we adopt the selector which
takes logits and ground truth labels as input to aggregate the attention maps of qualified
positive samples ofm-th attribute. The main reason is that some attributes among images
are negative or low confidence values. As shown in the formula, ASM filters out negative
samples to get high-confidence predictions:

Attention Map = {Ai,m | Lablei,m = 1, Logitisi,m > coeff threshold} (4)
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Fig. 4. Attribute Spatial Memory(ASM) module structure

Through strict selection, Ai,mcan be regarded as reliable attribute spatial locations for
m-th attribute. A criticism of this experimental design is that in actual training process,
there are differences in attribute distribution of images in different batches. Moreover,
all images in a batch may be negative on some attributes. Inspired by EMA strategy,
we adopt a momentum-weighted scheme to update attention maps and save the reliable
spatial location. In addition, for cases where all images in a batch are negative on some
attributes, the corresponding attention map will not participate in updates. Specifically
shown in the formula:

As+1 = l ·Ae+1 + (1− l) ·Ae+1 (5)

Where s is the number of training batches step. We save the generated attribute spatial
attention map in memory module to assist subsequent feature pooling fusion.

The attention map Ai,m indicates the contribution of different spatia regions to the
prediction of attributes.. Therefore, ASM generates corresponding embedding vectors for
different attributes separately, which weights the spatial location information. Thus im-
proves spatial localization for each attribute. As shown in the formula, we normalize the
spatial attention map and then use it as a spatial weighting coefficient to perform weighted
pooling on the feature Feature:

Embed Attrm = Attention Map(Fi) m = 0, 1, 2 . . . ,M − 1; i = 0, 1, 2 . . . , B − 1
(6)

Where M is the number of attribute types and B is the number of batches. The se-
mantic embedding vector Embed Attrm for each attribute is obtained through weighted
pooling.

3.4. Loss Function

As illustrated in Figure 2, contrast loss Lcon and classification loss Lcls are obtained from
the ALFormer. The classification loss is calculated according to binary cross entropy loss,
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which is formulated as follow:

Lcls =
1

N

N∑
i=1

(yi log pi + (1− yi) log (1− pi)) (7)

The final loss function L is a weighted summation of the classification loss and con-
trast loss:

Loss = Lcls + λ · Lcon (8)

Where λ = 1 is set as default in all experiments if not specially specified.

4. Experiments

4.1. Datasets and Evaluation Metrics

We conduct experiments on public datasets PETA [26] and PA100K [1]. Figure 5 shows
some pedestrian image samples. The Pedestrian Attribute (PETA) dataset [26] is collected
from 10 small-scale human datasets and consists of 19,000 human images, of which 9,500
images are used for the training set, 1,900 for the validation set, and 7,600 for the test set.
Each image is labeled with 61 binary attributes and 4 multi-class attributes. We follow
the commonly used experimental scheme [3, 4, 27] and only evaluate 35 attributes with a
positive rate greater than 5%.

PA100K dataset is constructed from images taken by 598 real outdoor surveillance
cameras and contains 100,000 pedestrian images with resolutions ranging from 50 × 100
to 758 × 454. It is the largest pedestrian attribute recognition dataset to date. The entire
dataset is randomly divided into training set, validation set and test set in a ratio of 8:1:1.
Each image in the dataset is labeled with 26 attributes, with labels of 0 or 1 indicating the
presence or absence of the corresponding attribute.

Two metrics are used to evaluate attribute recognition performance [27], namely label-
based metrics and four instance-based metrics. For label-based metrics, Deng et al. [27]
use mean accuracy (mA) to evaluate attribute recognition algorithms. For each attribute,
mA indicates the classification accuracy of positive and negative samples separately and
then takes their average value as the recognition result of that attribute. Finally, the average
value of all attributes is taken to obtain the recognition rate. Specifically, the experiment
uses this indicator as part of the evaluation criteria as shown in the formula:

mA =

L∑
i

(
TPi

Pi
+

TNi

Ni
) (9)

where L is the number of attributes. TP i and TNi are the number of correctly pre-
dicted positive and negative samples respectively, and Pi and Ni are the number of posi-
tive and negative samples respectively.

For instance-based metrics, we use Accuracy, Precision, Recall and F1-score.
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(a) (b)

Fig. 5. Public dataset image samples. (a) Pedestrian samples from the PA100k dataset;
(b) Pedestrian samples from the PETA dataset

4.2. Implement Details

Our method is implemented based on the PyTorch framework and trained in an end-to-end
manner. Since our work mainly focuses on how to use local features defined by attributes,
such framework can improve spatial location for each attribute. In the experiment, we
adopt Swin Transformer [7] as the backbone network to extract pedestrian image features
for a fair comparison. Pedestrian images are uniformly adjusted to 256×192 as input.
Random horizontal mirroring, padding and random cropping are used for enhancement.
AdamW is used for training with a weight decay of 0.0005. The initial learning rate is
0.0001 and the batch size is set to 64. The total epoch of the training phase is 50. The
momentum coefficient is 0.9998. The label smoothing coefficient is set to 0.2.

4.3. Baseline Method

Given a dataset, D = {(Xi, yi) | i = 1, 2, . . . , N}, PAR aims to predict multiple attribute
yi ∈ {0, 1} to i-th pedestrian image, where N ,M denotes the number of images and at-
tributes respectively, zero and one in the attribute vector yi indicate the absence and pres-
ence of the corresponding attributes of a pedestrian image. Following [3, 4, 27, 28], we
formulate pedestrian attribute recognition as a multi-label classification task which adopts
multiple binary classifiers with sigmoid functions [27]. Binary cross-entropy loss Lcls is
used as the optimization target:

Lcls =
1

N

N∑
i=1

M∑
j=1

(yi,j log pi,j + (1− yi,j) log (1− pi,j)) (10)

where pi,j is the prediction probability of the classifier.
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4.4. Ablation Analysis

In this section, we first study the impact of the ASM and MCL modules by conducting
analysis experiments on both two datasets. The baseline methods use the original Swin
Transform set only in section 4.3. As shown in Table 1, compared to the baseline method,
we have conducted the following observations. First, when the ASM module is not used,
the attribute positioning accuracy is worse and the recognition accuracy decreases. The re-
sults show that without correct attention regions, attribute semantic features lack discrimi-
native ability and contain more noise. The ASM module generates reliable attribute space
attention maps through attribute prediction scores, guiding attribute space feature fusion
and improving attribute positioning accuracy. Second, using the ASM module can directly
bring 1.18% and 2.06% performance improvements on PA100K and PETA respectively,
indicating that the spatial memory module is beneficial for locating attribute-related re-
gions. In addition, we introduced occlusion contrast loss MCL by generating random oc-
clusions on pedestrian images and evaluating the difference between their predictions and
normal input predictions. By suppressing regional relevance to improve the framework’s
attribute positioning ability, it brings 0.39% and 0.47% performance improvements on
PA100K and PETA respectively. Finally, when the ASM module and MCL module are
used together, our method’s mA on PA100K and PETA is 1.79% and 2.34% higher than
the baseline model.

In Figure 6, by comparing the recognition mean accuracy rates of the baseline model
Swin Transform and our model in the 26 attributes of the PA100K dataset , it can be seen
that the model in this paper has a recognition effect on most attributes. For some attributes
that rely on spatial regions (such as ”hat”, ”boots”), the improvement is significant due to
ALFormer focus on intrinsic spatial regions. For some attributes that inferred from other
related attributes (e.g. ”female”), the improvement is also significant because ALFormer
could generate reliable attention maps that capture inherent locations for each attribute.

Table 1. Ablation study of each component of our method on the PETA and PA100K.
Performance 328 improved by Mask Contrast Learning (MCL) and Attribute Spatial
Memory (ASM) validates the 329 effectiveness of our methods

PA100K PETA
Model

mA Accu Pre Recall F1 mA Accu Pre Recall F1
Baseline 82.82 81.47 89.08 88.88 88.98 87.20 80.17 86.54 88.73 87.62

Ours(+MCL) 83.21 81.70 89.18 88.99 89.09 87.67 71.65 76.81 89.01 82.46
Ours(+SPM) 84.00 77.00 82.85 90.08 86.32 89.26 79.55 84.83 89.92 87.30

Ours(+SPM,MCL) 84.61 78.86 84.11 91.03 87.43 89.54 80.75 86.15 90.04 88.05

4.5. Comparison with State-of-the-art Methods

In Table 2, we compare the performance of the proposed methods with several existing al-
gorithms on the PA100K and Table 3 is on the PETA. Compared with the performance re-
ported by the paper of MsVAA [3], VAC [28], and ALM [4] methods, ALFormer achieves
better performance on the PETA and PA100K with increasing few learnable parameters.



ALFormer: Attribute Localization Transformer. . . 1577

Fig. 6. The mA for each label on PA100k compared to baseline model. Legends in the
figure: models are the same as in Table 1. The labels 0 to 25 are: female, ageover60,
age18-60, ageless18, front, side, back, hat, glasses, handbag, shoulderbag, backpack,
holdobjectsinfront, shortsleeve, longsleeve, upperstride, upperlogo, upperplaid,
uppersplice, lowerstripe, LowerPattern, longcoat, trousers, shorts, skirtanddress, boots

Compared to the MsVAA model adopted ResNet101 as the backbone network, we
achieve 4.95% and 1.56% performance improvements in mA and F1 on the PETA dataset.
Compared with localization-based methods such as the ALM model, which utilizes the
complicated combination of FPN, STN and SE modules introducing extra 17% param-
eters, ALFormer achieves 3.93% and 3.24% performance improvements in mA on both
popular datasets. We localize attributes by ASM, which is a simple yet effective attention
module to generate reliable and stable attribute-related regions and avoid heavy hand-
crafted design.

It can be noticed that the proposed method substantially outperforms the visual atten-
tion consistency (VAC) method. The VAC method hypothesis that global attention regions
of random augmentations of the same image are consistent. The VAC method focuses on
global attention regions of an individual image and cannot generate precise local attention
regions for each fine-grained attribute. However, for a pair of augmentations of the same
image, if attention regions of both augmentations are inaccurate, the VAC method cannot
solve the attention region deviation problem, which can be addressed by our proposed
method.

4.6. Effects of ALFormer

To better understand the effect of the improved model, we visualize the attribute regions
most attended by the framework in Figure 7. It visualizes the attribute heat maps of Swin
Transformer on the test set of the PA100K dataset. We take attribute attention maps of
four pedestrian images(from P1 to P4) as examples that shows the visualization of spatial
attention regions between the baseline method (green boundary) and the proposed AL-
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Table 2. Performance (%) of the comparison state-of-the-art methods and the proposed
method on the PA100K datasets. Five metrics, mean accuracy (mA), accuracy (Accu),
precision (Prec), recall (Recall), F1 are evaluated. The best results are highlighted in red
color, while the second bests are in blue.

method mA Accu Pre Recall F1
DeepMar[29] 72.70 70.39 82.24 80.24 81.32

HP-Net[1] 74.21 72.19 82.97 82.09 82.53
PGDM[19] 74.95 73.08 84.36 82.24 83.29

JLPIS-PAA[31] 81.61 78.89 86.83 87.73 87.27
ALM[4] 80.68 77.08 84.21 88.84 86.46

JLAC[30] 82.31 79.47 87.45 87.77 87.61
CoCNN[37] 80.56 78.30 89.49 84.36 86.85
LG-Net[32] 76.96 75.55 86.99 83.17 85.04

VAC[9] 79.04 78.95 88.41 86.07 86.83
SSC[33] 81.70 78.85 85.80 88.92 86.89
ALFomer 84.61 78.86 84.11 91.03 87.43

Table 3. Performance (%) of the comparison state-of-the-art methods and the proposed
method on the PETA datasets. The best results are highlighted in red color, while the
second bests are in blue

method mA Accu Pre Recall F1
CNN+SVM[13] 76.65 45.41 51.33 75.14 61.00

ACN[38] 81.15 73.66 84.06 81.26 82.64
DeepMar[29] 82.89 75.07 83.68 83.14 83.41

HP-Net[1] 81.77 76.13 84.92 83.24 84.07
PGDM[19] 82.97 78.08 86.86 84.68 85.76
DIAA[35] 84.59 78.56 86.79 86.12 86.46

JLPIS-PAA[31] 84.88 79.46 87.42 86.33 86.87
WPAL[34] 85.50 76.98 84.07 85.78 84.90

ALM[4] 86.30 79.52 85.65 88.09 86.85
JRL[20] 85.67 - 86.03 85.34 85.42

RCRA[36] 85.78 - 85.42 88.02 86.07
JLAC[30] 89.96 80.38 87.81 87.09 87.45

CoCNN[37] 86.97 79.95 87.58 87.73 87.65
MsVAA[3] 84.59 78.56 86.79 86.12 86.46

VAC[9] 83.63 78.94 87.63 85.45 86.23
SSC[33] 86.07 79.23 84.58 89.26 86.54
ALFomer 89.54 80.75 86.15 90.04 88.05
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Former framework (red boundary). Compared with the baseline method, it is noted that
the ALFormer helps to locate attribute-related regions for each attribute. In pedestrian
image P2 and P3 shown in Figure 7, only head region is considered when recognizing the
attribute “Glasses”. Our method can effectively improve spatial location for each attribute
by generating stable spatial attention and relevance suppression modules.

Fig. 7. Illustration of the effect of ALFormer. We take the attributes of four pedestrian
images as examples to show the visualization of spatial attention regions between the
baseline method (green boundary) and the proposed method (red boundary)

5. Conclusions

In this work, we identified and addressed the limitation of existing methods in accu-
rately localizing discriminative regions for pedestrian attributes. We proposed ALFormer,
a transformer-based framework that introduces two novel components Mask Contrast
Learning and Attribute Spatial Memory. The former suppresses misleading regional cor-
relations to force focus on intrinsic areas. The latter captures inherent spatial locations for
each attribute. Experiments showed state-of-the-art results on two datasets, with ablation
studies confirming the efficacy of our modules. The improved localization was further
demonstrated through visualizations. Our model provides an effective way to exploit spa-
tial consistency for pedestrian attribute recognition. Future directions include extending
the approach to other fine-grained recognition tasks and exploring optimal fusion with
global context.

Acknowledgments. This research work was supported by the China State Railway Group CO., Ltd
(N2023X005).
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Abstract. Although there are a lot of methods for multi-label classification in the
past research, there are still many problems. For example, in the real world, labels
are not necessarily independent of each other, and there may be some connection
between labels. Therefore, exploring and utilizing the interdependence between la-
bels is a key issue in current research. For example, in the photo category, a picture
that contains blue sky often also contains white clouds, and in the text category, a
political story is less likely to be entertainment news. Therefore, the key to improve
the accuracy of multi-label classification is to effectively learn the possible corre-
lations between each label. Therefore, we propose a novel multi-label educational
emotion prediction based on graph convolutional network and long and short term
memory network fusion label correlation in online social networks. This model uses
Word2Vec method to train word vectors and combines graph convolutional neural
network (GCN) with long and short term memory network (LSTM). The GCN is
used to dig deeper word features of text, the LSTM layer is used to learn the long-
term dependence relationship between words, and the multi-granularity attention
mechanism is used to assign higher weight to the affective word features. At the
same time, label correlation matrix is used to complete the label feature vector and
text features as the input of the classifier, and the correlation between labels is in-
vestigated. The experimental results on the open data set show that the proposed
model has a good classification effect compared with other advanced methods. The
research results promote the combination of deep learning and affective comput-
ing, and can promote the research of network user behavior analysis and prediction,
which can be used in personalized recommendation, targeted advertising and other
fields, and has wide academic significance and application prospects.

Keywords: multi-label educational emotion prediction, GCN, LSTM, multi-granularity
attention mechanism.
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1. Introduction

With the rapid development of Internet technology, data such as pictures and text in ed-
ucation have also shown rapid growth, and the development of data has provided a cor-
nerstone for machine learning. Therefore, multi-label classification learning has become
a hot spot in the field of machine learning research, which is mainly reflected in emotion
classification, image and video semantic annotation [1,2], gene function analysis, etc.
The traditional single-label classification problem, in which an object belongs to only one
specific category, however, in most classification tasks, an instance may contain multiple
categories at the same time. For example, in a daily text classification task, it may be-
long to both the entertainment and economic categories; In the image classification task,
an image may contain cats, dogs, people, and the sun at the same time. For this kind
of multi-label data, the classification task changes from the traditional prediction of one
category to the prediction of multiple categories [3,4].

In traditional image classification and recognition, the information contained in the
image (such as edge detection, contour detection, local binary mode (LPB), directional
gradient histogram (HOG), Haar feature detection) is usually extracted manually to achieve
image classification [5,6]. However, these extraction methods not only cost a lot of man-
power, but also have many serious problems. For example, the image is affected by ex-
ternal environmental factors, and the change of spatial information such as illumination,
rotation and translation of objects leads to the change of object characteristics, resulting
in the decline of classification accuracy.

The task of affective prediction is to determine an attitude towards a goal or subject,
which can be either a polarity (positive or negative) or an emotional state such as joy,
anger, or sadness [7]. Most previous studies have judged the positive or negative attitudes
contained in social media content, such as whether customers are satisfied with a prod-
uct in product reviews, or whether viewers view a movie as exciting or boring in movie
reviews. Most of the work on judging emotional states only focus on single-label classifi-
cation, dividing emotional texts into one emotional category in multiple categories, while
ignoring the situation that multiple emotional categories may coexist in a text instance,
which is obviously inconsistent with reality [8]. For example, an old man who has three
sons but no one to take care of him in his old age may cause the reader to feel sad, angry,
or other different emotions.

In recent years, the aspect-level emotion classification model based on deep learning
[9] performs well. These models are mainly based on Long Short-Term memory network
(LSTM) and Bi-directional LSTM (Bi-LSTM), and introduce attention mechanism and
position weight to improve the classification performance. Multi-label classification has
been widely used in many fields, such as text classification, image annotation, bioinfor-
matics [10] and so on. At present, the research on multi-label sentiment classification of
microblog texts is still in its infancy. The Second Conference on Natural Language Pro-
cessing and Chinese Computing presented a fine-grained sentiment prediction task for
Chinese microblogs for the first time, requiring multiple sentiment tags to be selected
from a set of associated tags for each instance of a microblog. In 2019, Parwez et al. [11]
used a convolution neural network (CNN) model to synthesize word vectors in microblog
sentences into sentence vectors. These sentence vectors were used as features to train a
multi-label classifier to complete the multi-label sentiment classification of microblog-
ging on the NLP&CC2013 dataset. This method only extracted the local features of the
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text without considering the global semantic information of the text. In 2020, Wang et
al. [12] proposed a long short term memory networks (LSTM) model based on hierarchi-
cal attention. It used an attention mechanism to represent the text, and then used LSTM
for multi-label classification, but this method ignored the local features of the text. In
2020, Acheampong et al. [13] used the FastText model to make emotion prediction on
the crawled news text dataset. The experimental results showed that the accuracy rate of
the FastText model was higher than that of traditional machine learning methods such
as support vector machine and logistic regression, and the speed advantage was more
obvious than that of the neural network model. In 20220, Reza et al. [14] uses Trans-
former multi-head attention mechanism to simultaneously acquire global features and
partial information related to specific aspects of the text, which to a certain extent solved
the problems that it was difficult for CNN to obtain global semantic information, the RNN
training speed was too slow, and the dependence degree between words decreased with
the increase of distance. Fine-grained sentiment analysis was performed on the Amazon
food review dataset and Booking Hotel review dataset, but the method failed to take into
account the relevance of labels.

In terms of LSTM basic network, Kumar et al. [15] adopted two LSTM networks to
encode statements from the left and right sides of aspect words respectively. Fadel et al.
[16] used multi-layer Bi-LSTM network to model the concatenation of statements and
aspect words. Li et al. [17] proposed Target-Specific Transformation Networks-Adaptive
Scaling (TNET-AS). The context conversion unit was built based on Bi-LSTM, and the
features were extracted from the output by Convolutional Neural Networks (CNNs). How-
ever, because LSTM was time-dependent, it could not be able to accurately identify the
potential association between distant descriptive words and aspect words when dealing
with complex long sentences. Moreover, when multiple aspect words with different emo-
tional polarity appear at the same time, LSTM could mistakenly identify some adjectives
or phrases with obvious emotional color as the modifiers of aspect words, resulting in
semantic confusion.

Graph Convolutional Networks (GCN) [18] can be seen as an improvement over tradi-
tional CNN-encoded unstructured data. Although CNN can handle semantically rich text
structures and are easy to parallelize, convolution operation will treat the features of mul-
tiple words as continuous words and cannot accurately identify the emotions described
by multiple discontinuous words. GCN can solve the problems of LSTM and CNN in
processing text data to a certain extent. By convoluting the input statements and their syn-
tactic dependence graphs, GCN can gather the distant descriptive words and aspect words
into a smaller range, better combine the syntax information of the sentences, and find the
complex dependence relationship between long-term multi-words. Therefore, it has cer-
tain advantages in the problem of aspect level emotion classification. Zhu et al. [19] used
GCN to build aspect-specific GCN (ASGCN), used Bi-LSTM to capture context infor-
mation, and multi-layer graph convolution to extract aspect word features, and fed aspect
word features back to the hidden layer of Bi-LSTM.

In order to make the model focus on the semantic information related to aspect words,
attention mechanism has been introduced in most models in recent years. Jang et al. [20]
used word vectors and Bi-LSTM hidden vectors respectively to compute attention itera-
tively. Kamyab et al. [21] used both word vector and hidden vector to calculate attention
in segmented decoding. Li et al. [22] used multi-head attention mechanism to improve



1586 Zhiguang Liu et al.

the memory network and alleviate the selective preference of the model. The introduction
of attention mechanism can further improve the classification performance. However, the
above attention mechanism does not pay attention to the bidirectional influence relation-
ship between a particular aspect and its context, that is, the semantics of a particular
aspect are based on the context, and the emotion expression of the context is also based
on a specific aspect. In a statement, some words can express semantics and emotions in-
dependently (fine-grained), while others need to form phrases with neighboring words
to have full semantics (coarse-grained). Based on this situation, Liu et al. [23] proposed
Interactive Attention Networks (IAN) to calculate the interaction between words and sen-
tences from a coarse-grained perspective. Puthige et al. [24] proposed an Attention-over-
Attention (AOA) neural network to calculate the interaction between words and sentences
from a fine-grained perspective. Sun et al. [25] proposed that Multi-grained Attention Net-
work (MGAN). The multi-granularity attention mechanism used two sets of symmetric
structures to train the attention weight for each word. It could capture the interaction be-
tween aspect words and context at the word level and phrase level, respectively, and used
aspect alignment loss to describe the influence relationship between aspect words with
the same context.

Bidirectional Encoder Representation from Transformers (BERT) [26] is a pre-trained
language model based on the coding part of multi-layer bidirectional Transformer, which
has obvious advantages in the semantic expression of text. Liu et al. [27] proposed an
attention encoder network based on pre-trained BERT model. Mewada et al. [28] used
BERT model to encode statements, and used the pooled aspect word vector to classify the
sentiment of statements. The fusion of aspect information made BERT pre-training model
more suitable for the fine-grained sentiment classification task of text.

In the task of multi-label emotion prediction and classification, not only the local
features and global semantic information of text should be considered, but also the cor-
relation between labels should be fully modeled. In 2023, Ahanin et al. [29] proposed a
multi-label sentiment classification method that combined context features and text fea-
tures. In this method, each sentence in the text was initially classified by emotion, and
then the emotion label correlation between each sentence was examined by the emotion
transfer relationship between the sentences. Finally, the experiment was carried out on
the NLP&CC2013 dataset. But this method neglected the local features of the sentence.
Huang et al. [30] proposed to learn the multi-label classification of label features by cal-
culating the cosine similarity of labels, and to examine the correlation of labels by judging
whether different labels can share the features between labels. In 2000, Yang Kwon et al.
[31] performed K-nearest neighbor retrieval on the word vector space of all labels, and
took the first k labels with the nearest cosine distance to the network output vector as the
multi-label prediction, verifying the feasibility of the proposed method in label semantic
expansibility. Therefore, using the correlation between different labels could effectively
improve the performance of multi-label learning.

Some existing multi-label sentiment classification methods fail to extract both local
features and global semantic information, and some fail to fully consider the correlation
between labels. To solve the two problems, a novel multi-label educational emotion pre-
diction based on graph convolutional network and long and short term memory network
fusion label correlation in online social networks model is proposed in this paper. GCN
is used to extract the local features of words in text and combine them with word vec-
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tors as the input of LSTM. As a special RNN model, LSTM can better solve the long
dependency problem [32]. After extracting the long-term dependence between word local
features and word vectors, the attention mechanism generates text feature vectors at dif-
ferent time steps according to the contribution of each text fragment and combines them
into a complete text feature expression. At the same time, in order to solve the correlation
between labels, the label correlation matrix is used to complete the label matrix and con-
catenate the text feature expression. Finally, the text emotion classification is carried out
in the output layer, and the extracted text features and the corresponding label matrix are
used as the input of the classifier to enhance the accuracy of the classification.

This paper is structured as follows. In section 2, we detailed introduce the related
works. Multi-label educational emotion prediction model is proposed in section 3. Exper-
iments are conducted in section 4. There is a conclusion in section 5.

2. Related Works

2.1. Affective Computing

The research process of emotion computing can be summarized into three aspects: how
to describe emotion, namely emotion quantification; How to describe the research object,
that is, the characteristics; How to build emotional models. About the quantification of
emotion, the current research ideas are generally divided into ”category view” and ”di-
mension view”. Category view divides, for example, the positive, negative and neutral of
text classification and Ekman’s six basic emotions. Dimensional view is divided as PAD
model [33].

The feature and emotion computing models are determined according to the object of
study. The content of social network mainly includes text and image, and text emotion
classification is one of the important research contents in natural language processing. In
the early image emotion calculation, a single feature of the image, such as color or tex-
ture, was used to establish its mapping relationship with emotion. Then the comprehensive
features of the image are used to establish an emotional model. With the development of
social networks, the emotional model of social networks has become a research hotspot.
The following characteristics of social networks should be considered when constructing
the user emotion model of social networks: (1) Dynamic, the network structure and con-
tent change dynamically with time; (2) Heterogeneity, including text, images, network
structure and other data sources.

2.2. Social Network User Emotion

Studies have been conducted to analyze users’ emotional states based on their behaviors
in social networks, such as microblogs, geographical locations, and phone records. Pre-
dict user personality based on social network structure and user behavior. A study based
on data from Facebook shows that the emotions of users on the social network are closely
related to their social activities and interconnection. Sociological research shows that In-
stinctive Empathy makes emotions collective, that is, how people feel depends on what
they are exposed to. Some researchers have established influence models and influence
propagation models based on user annotations, microblogs and published articles on the
Internet [35].
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The emotion based on probability graph model has too many assumptions (artificial
empirical formula) about the change of emotion, if the assumption is biased on the data
set, it is difficult to achieve good results, and the modeling process often only deals with
the binary emotion problem each time, which will be worse in the multi-classification
problem. At the same time, these studies do not provide a comprehensive and systematic
quantitative model of their own psychology, emotions, external influences and behaviors.

2.3. Multi-label Problem Definition

Suppose the training set has m samples, which is denoted as X = x1, x2, · · · , xm. q labels
are denoted as L = l1, l2, · · · , lq . Y = y1, y2, · · · , ym denotes label space. Then multi-
label classification is the function f : X → Y learned by training set (xi, yi)|1 ≤ i ≤ m.
Where xi ∈ X represents a sample, yi ∈ X represents the class label to which sample xi

belongs, and yi is a subset of the label L. By inputting the predicted data into the trained
model, the label classification results that are close to the reality can be obtained.

The traditional method is to train a classifier independently for each label, and train
each classifier separately with all the data. However, this independent method does not
take into account the reciprocity of labels, and the classification effect is often difficult
to be satisfactory. The convolutional neural network multi-label classification algorithm
based on label correlation proposed in this paper solves this problem by adding the corre-
lation between different labels.

2.4. GCN Method

The co-occurrence relationship between labels is usually represented in the form of a
graph. The formula G =< V,E > is used to represent the dependency co-occurrence
relationship of the class label node. V indicates all label nodes, and E indicates the
dependency between two label nodes. As an effective feature extractor based on graph
structure, graph convolutional neural network (GCN) has been widely used in node clas-
sification, graph classification, link prediction and so on. The input to GCN contains the
node characteristics and the correlation matrix between these nodes. GCN updates the
characteristics of a node by aggregating the characteristics of its neighbors and itself into
the node. The process of graph propagation can be expressed as follows:

X l+1 = αl(ĀX lW l). (1)

Where, X l, W l, and αl respectively represent the input features, weight parameters,
and nonlinear activation functions of the convolution layer of the l−th graph. Ā represents
the normalized form of the correlation matrix:

Ā = D̄−0.5ĀD
−0.5

. (2)

Where Ā = A+ I . I is the identity matrix. D̄ is a diagonal matrix and D̄ =
∑

j Āij .
GCN represents the word vector to be trained as the correlation matrix constructed by

the features of the label nodes in the graph and the statistics of the sample labels as the
input of the graph convolutional neural network, learns semantic label embedding through
the two-layer graph convolutional neural network, and uses it as an interdependent object
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classifier in the prediction stage. At the same time, the feature maps extracted by convolu-
tional neural network of sample images are globally maximized, and the resulting image
features and label co-occurrence features extracted by convolutional network are fused in
the form of matrix multiplication to obtain the final classification result.

3. Proposed Multi-label Educational Emotion Prediction Model

GCN-LSTM is mainly composed of four parts: statement feature vector generation mod-
ule, aspect feature vector generation module, multi-granularity attention computing mod-
ule, and emotion classification module integrating aspect level features. The specific block
diagram is shown in Figure 1. The statement feature vector generation module in Fig-
ure 1 uses the LSTM network to obtain the statement feature vector containing word
order information. Aspect feature vector generation module uses the GCN layer con-
structed in this paper to obtain the aspect feature vector integrating context information
by word masking. The multi-granularity attention computing module uses the output of
the above two modules as input, and cross-calculates the fine-grained attention and the
coarse-grained attention based on double branches by vector product and pooling meth-
ods. The multi-granularity attention weight is obtained by concatenating and normalizing
the calculation results of the two kinds of granularity attention. The sentence emotion
classification module uses the feature vector and multi-granularity attention weight to
calculate the final emotion expression of the sentence, and uses the full connection layer
and softmax classifier to get the aspect level emotion classification results.

3.1. Semantic Information Expression Based on GCN

In this paper, two word vector generation methods are adopted: static word vector gen-
erated based on Stanford University pre-trained Global Vectors for Word Representation
(GloVe) and dynamic word vector generated based on Google pre-trained BERT language
model. In this paper, we sum the last four hidden layer vectors of the BERT model to get
the sub-word vector, and use the embedding vector of the average sub-word to generate
an approximate vector for the original word.

We use x = [x1, · · · , xτ+1, · · · , xτ+M , · · · , xN ] denotes a statement of length N
mapped word by word to a fixed real-valued vector in a low-dimensional space. The
subsequence [xτ+1, · · · , xτ+M ] of x represents the aspect word of length M . xi ∈ Rd

represents the word vector of the word i, and d represents the dimension of the word
vector.

Graph convolution describes dependencies between words using adjacencies between
nodes in a graph structure. A node in the undirected graph G represents a word, the edge
between the nodes represents the dependency between the two words, and the adjacency
matrix A of G is the syntactic dependency graph. If the input statement is ”World peace
leads to economic development.”, the dependency diagram for the statement is shown in
Figure 2. The values on the subdiagonal of A are all 1. If there is a direct dependence
between the two words described by node i and node j, indicating that the two nodes
have edges in the graph G, then Aij = Aji = 1; Otherwise, Aij = Aji = 0.

GCN simply uses aspect word features that extract and fuse contextual information.
However, because the mean and variance of the feature vector containing the semantic
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Fig. 1. Proposed model block diagram

Fig. 2. Dependency graph of the sentence sample
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and syntactic information of the statement will change after the nonlinear transformation
of the graph convolution, the context information is lost during the forward propagation
of GCN. In order to further reduce the lost input information in the output of each layer of
graph convolution, this paper uses adaptive scaling strategy [35] to add PD unit to GCN
in the aspect feature vector generation module and build CPGCN layer, so as to carry out
integrated training on the output of GCN of the local layer and CPGCN of the previous
layer. The internal structure of CPGCN layer is shown in Figure 3.

Fig. 3. Internal structure of improved GCN

In Figure 3, hl is the output of GCN in this layer. If this layer CPGCN is the first layer,
hl−l is the output of LSTM hidden layer; Otherwise, hl−l is the output of the previous
CPGCN layer.

The CPGCN layer based on CGU-PD and GCN can dynamically adjust the weight of
the input vector and the vector transformed by GCN in the output of this layer. The output
vector of l − th layer CPGCN is:

ηli = σ(W l
gateh

l
i + blgate). (3)

hl
i = ηli ⊙ hl

i + (1− ηli)⊙ hl−1
i . (4)

Where hl
i is the output of node i in l − th layer CPGCN. hl−1

i is the output of node
i in CPGCN at layer l − 1. ηli is the gating weight of node i in l − 1 layer CPGCN,
which is obtained by hl

i training. σ is the sigmoid activation function. W l
gate and blgate are

trainable weight matrices and deviations in the calculation of gated weights, respectively.
The ⊙ dot product represents the multiplication of vectors by their corresponding bits.
After CGU-PD transformation, the output of the last CPGCN layer is:

HC = [hC
1 , · · · , hC

τ+1, · · · , hC
τ+M , · · · , hC

N ]. (5)

Where hC
i ∈ R2dL is the dimension of the hidden state vector of the unidirectional

LSTM output. [hC
τ+1, h

C
τ+2, · · · , hC

τ+M ] corresponds to the aspect word in the statement.
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CPGCN integrates the output of GCN and its upper layer CPGCN to effectively re-
duce information loss during network propagation and retain the context information of
statements more completely. Compared with the common LSTM foundation network, in
the final output vector of CPGCN, each word can be fused into the comprehensive se-
mantic, syntactic and interdependent information of a larger range of nodes. Finally, by
shielding the non-aspect words in the final output of CPGCN, the aspect feature vector of
fusion context information is obtained:

HC
mask = [0, · · · , 0, (hC

τ+1)mask, · · · , (hC
τ+M )mask, 0, · · · , 0]. (6)

3.2. Context-dependent Learning Based on Deep LSTM Model

Core modules such as user emotion change and influence change relationship are the
basis of the entire temporal network. Combined with the advantages of LSTM correlation
and easy training, as well as the characteristics of deep network strong expression ability,
the deep LSTM module is designed, as shown in Figure 4. The transfer relationship of
variables is as follows:

zt+1 = f1
deep(Ht, Xt+1, Rt+1). (7)

rt+1 = f2
deep(Ht, Xt+1, Rt+1). (8)

˜Ht+1 = f3
deep(Ht · rt+1, Xt+1, Rt+1). (9)

Ht+1 = (1− zt+1) ·Ht + zt · ˜Ht+1. (10)

Where f1
deep, f2

deep, f3
deep are deep neural networks, which are designed in the form

of short-circuit modules. Compared with the classical LSTM, the linear part is replaced
by the deep residual neural network, and the state is more compact. The input, Rt+1 (pro-
cessed observation data), and the previous state, through f1

deep, f2
deep becomes two acti-

vation quantities zt+1, rt+1, which are used to modulate the influence of the state on the
new intermediate state ˜Ht+1 (generated by the deep network f3

deep), and the contribution
of the new intermediate state ˜Ht+1 and state Ht to the final new state, respectively.

X , I represent the observation data and the data after processing. H , A, R represent
state variables. f represents all kinds of mapping functions. θ is the model parameter.
Xui,dm,t represents class dm observation data of user i at time t, such as uploaded pic-
tures, texts, videos, etc. Xui,t represents the summary vector of user i observation results
at time t, output by fAT . Iui,uit is the interaction between user j and i at time t. For
example, j leaves a message to i.

In the aspect of obtaining label correlation, the same way as GCN is used to construct
the feature module of extracting label relation. The module uses two layers of GCN learn-
ing to embed the label dependencies of the training set. The natural language processing
algorithm GLOVE4 is used to generate a 300-dimensional word vector for each class la-
bel (there are C class labels in total) to generate the label feature matrix X ∈ RC×300.
In addition, the correlation matrix A ∈ RC×C is constructed based on the statistics of
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category labels, that is, the number Ti of the occurrence of the i− th category label oi in
the data set and the number Tij of the co-occurrence of the i − th category label j − th
and the j category label oj are counted. Therefore, conditional probabilities can be used
to generate dependencies for class labels:

Pij = P (oi|oj) =
Tij

TJ
. (11)

Where Pij represents the probability that category label i appears when category label
j appears. Therefore, category label correlation matrix A can be defined as:

Aij = Pij . (12)

GCN learns the relationship between different category labels based on category label
feature matrix X and category label correlation matrix A to extract the features of label
nodes. Using ReLu as the activation function of the first layer, the working principle of
two-layer GCN can be expressed as follows:

W = f(X,A) = ĀLeakyRelu(ĀXW 0)W 1. (13)

Where, X is the label feature matrix. A is the label correlation matrix. Ā is the nor-
malized form of the label correlation matrix. W 0 and W 1 are the learning parameters
of the first and second layer graph convolutional neural networks respectively. W is the
interdependent object classifier learned through two layers of GCN.

After label feature matrix X and label correlation matrix A pass through two layers of
GCN, the learned interdependent object classifier corresponds to the label co-occurrence
embedded classifier W ∈ RC×D in the image feature and label relationship feature fusion
module. The dimension of the final residual attention feature f̄ obtained from the multi-
head class specific residual attention module is adjusted to RD, and then the learned
classifier W is applied to the residual attention feature to obtain the prediction score of
the multi-label image:

ȳ = Wf̄. (14)

Assuming the true label y ∈ RC of an image, where yi = 0, 1 indicates whether
the label appears in the image, the entire network is trained using traditional multi-label
classification losses:

L =

C∑
c=1

yc log(σ(ȳc)) + (1− yc) log(1− σ(ȳc). (15)

Where σ(·) is the sigmoid function.

3.3. A Coarse-grained Attention Computation Based on Two Branches

The two-branch-based coarse-grained attention computation method (CGAC) mainly fo-
cuses on the interaction between specific aspect and context at the phrase level, and
consists of two sets of symmetrical aspect words (CGAC-avg/CGAC-max)-context and
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context-aspect words. In CGAC, the average pooling method is used to extract the com-
prehensive information of specific aspects and complete sentences, and the maximum
pooling method is used to extract the representative information of both. Finally, the
vector product is used to allocate attention to words in complete statements or specific
aspects. The use of maximum pooling can further reduce the influence of redundant in-
formation and noise in feature vectors.

Aspect words-context focuses on describing the degree of attention of different con-
text words to specific aspects, and is used to calculate the coarse-grained attention of each
word to a certain aspect. Since a particular aspect may cover multiple words, the average
semantic vector is generated by means of average pooling for the aspect feature vector
that integrates context information, and the features of all words are integrated. At the
same time, the main feature vector is generated by means of maximum pooling. The vec-
tor product is used to calculate the average semantic vector, the main feature vector and
the semantic correlation between the words in the sentence, so as to allocate attention to
all the words. Aspect word-context coarse-grained attention is calculated as follows:

scA2C−avg
i = (HC

mask)avg(h
L
i )

T . (16)

(HC
mask)avg =

1

M

τ+M∑
j=τ+1

hC
j . (17)

scA2C−max
i = (HC

mask)max(h
L
i )

T . (18)

HC
mask)max = max2dL

d=0(H
C
mask)d. (19)

Where, HC
mask ∈ R2dL×N represents an aspect feature vector that fuses context

information. (HC
mask)avg represents the average semantic vector of a particular aspect.

HC
mask)max represents the main feature vector of a particular aspect. hL

i represents the
eigenvector of the word i that contains the statement word order information. max2dL

d=0

indicates the maximum value in each dimension. scA2C−avg
i , scA2C−max

i represent as-
pect word-context coarse-grained attention assigned by aspect mean semantic vector and
aspect main feature vector for word i, respectively.

Context-aspect words focus on describing the influence of context on the semantic
expression of each word in a specific aspect, and are used to calculate the coarse-grained
attention of each word in a specific context. In this paper, the average semantic vector
is generated by means of average pooling to integrate the semantic information of the
whole sentence. At the same time, the maximum pooling method is used to generate
the main feature vector, and the vector product is used to calculate the average semantic
vector, the main feature vector and the semantic correlation between the words in the
specific aspect, so as to allocate attention to the words in the specific aspect. Context-
aspect coarse-grained attention is calculated as follows:

scC2A−avg
i = (HL)avg((h

C
i )mask)

T . (20)

(HL)avg =
1

N

N∑
j=1

hL
j . (21)
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scC2A−max
i = (HL)max((h

C
i )mask)

T . (22)

(HL)max = max2dL

d=0(H
L)d. (23)

Where HL represents the statement feature vector that contains word order informa-
tion. (HL)avg represents the average semantic vector of the statement. HL)max repre-
sents the main feature vector of the statement. (hC

i )mask) represents the feature vector of
the word i that incorporates contextual information in a particular aspect. scC2A−avg

i and
scC2A−max
i represent the context-aspect coarse-grained attention assigned by the sen-

tence average semantic vector and the statement main feature vector to the word i in a
particular aspect, respectively.

Fine-Grained Attention Computing Method (FGAC) [36] focuses on the interplay of
specific aspects and context at the word level. When calculating coarse-grained attention,
the pooling method is used to calculate the average semantic vector and the main feature
vector, which leads to the loss of some information. In this paper, the aspect-based fine-
grained attention computing method uses the product of the eigenvector of aspect and
statement to calculate the semantic correlation between the words in the statement and
the statement, so as to allocate attention to all words and make up for the information loss
caused by coarse-grained attention computing. The aspect-based fine-grained attention is
calculated as follows:

sfgi =

N∑
j=1

(hC
j )mask(h

L
i )

T =

τ+M∑
j=τ+1

(hC
j )mask(h

L
i )

T . (24)

Where, hC
j represents the feature vector of the word j that incorporates contextual

information in a particular aspect. hL
i represents the eigenvector of the word i that contains

word order information. sfgi represents the fine-grained attention of the word i.
In this paper, the multi-grained attention of the emotion classification model is ob-

tained by splicing and averaging the coarse-grained attention and fine-grained attention
based on double branches. Finally, through the normalization operation of multi-granularity
attention, the multi-granularity attention weight is obtained:

smulti
i = [sfgi ; [scA2C−avg

i ; scA2C−avg
i ]avg; [s

cA2C−maxg
i ; scA2C−max

i ]avg; ]avg. (25)

αi =
smulti
i∑N

k=1 exp(s
multi
i )

. (26)

Where smulti
i represents the multi-grained attention of the word i. [·]avg indicates

attention splicing and averaging. αi represents the multi-granularity attention weight of
the word i.

The emotion classification module of GCN-LSTM screens the emotion features re-
lated to specific aspects from the LSTM hidden state vector HL of the statement accord-
ing to the multi-granularity attention weight αi. The aspect level emotion expression of
the statement is:
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e =

N∑
i=1

αih
L
i . (27)

3.4. Network Training Process

The GCN network training process can be divided into two stages: forward propagation
and back propagation. Forward propagation is used to transfer the feature information of
the image, and back propagation is used to transfer the error information in reverse to
update the network weight.

1. Forward propagation. First, the samples in the data set are output to the network,
and the weights, biases and error thresholds of the samples are initialized by using
the initiation-V3 model. The output results of forward propagation are calculated by
layer by layer transformation through the neural network:

xi = f(W ixi−1 + bi). (28)

Where xi represents the output of the current layer, f represents the activation func-
tion through relu, W represents the weight, b represents the bias, and xi−1 represents
the input of the current layer.

2. Back propagation. The core of backpropagation is mainly divided into two steps: the
error is transmitted to the previous layer in reverse, and the difference that needs to be
updated is calculated according to the learning parameter expression corresponding
to the current error. The error function expression of backpropagation is as follows:

En = 0.5

c∑
k=1

(onk − ynk )
2 = 0.5||on − yn||22. (29)

Where, n is the data sample. c represents the number of output nodes. o represents
the expected output value of the training sample. y represents the actual output value
of network training. Let X = (xi, yi)|i = 1, 2, · · · ,m means that there are m sam-
ples. xi = [xi1, xi2, · · · , xid] indicates that the i − th sample has d eigenvectors.
yi = [yi1, yi2, · · · , yiq] means that the i − th sample has q label vectors. If yij = 0,
there is no label lj . In single-label object classification, a picture has a one-to-one re-
lationship with the object label, and a Softmax is used after convolution features. The
multi-label classification problem is a one-to-many relationship. Suppose there are c
classes of objects, each labeled with probabilities pi = (Pi1, Pi2, · · · , Pic). Using the
softmax cross entropy with logits method in tensorflow, we select the largest labels
in the probability distribution. According to the calculated co-occurrence relationship
between labels, a certain threshold is set. The probability of labels that are larger than
the threshold is retained, and the probability of labels that are smaller than the thresh-
old is deleted. Finally, multiple labels are output. The specific flow of Softmax in
GCN-LSTM is shown in Figure 4.
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Fig. 4. Specific flow of Softmax in GCN-LSTM

4. Experimental Results and Analysis

4.1. Experimental Environment and Data Set

The experimental operating system is Ubuntul6.04.3LTS,16G memory, Core i5-7200U
CPU, and 4G graphics card. The programming language is Python 3, the development
tool is Pycharm, and the deep learning framework is Tensorflow-1.10 [37,38].

Since there are few well-labeled multi-label sentiment analysis datasets, the NLP&CC2013
Weibo sentiment analysis dataset is selected in this paper. The data set divides emotions
into eight categories: none, dislike, liking, happiness, fear, sadness, anger, and surprise.
There are 14000 marked Weibo corpora, each with one or two emotional tags. The train-
ing set has 4000 data and the test set has 10000 data. However, in the labeled test set, the
distribution of emotional labels is uneven, and there are more than 5000 corpus without
emotional labels. Therefore, the data set is re-labeled.

A. Data set annotation rule
Because everyone’s criteria for emotion discrimination are inconsistent, it is easy to

appear completely different labeling results. Therefore, in the process of annotation, this
paper adopts the method of three-person independent annotation and collaborative cross-
validation, that is, each person first annotates part of the corpus independently, and then
randomly extracts the same number of text corpus from the annotated corpus of the three
annotators for cross-evaluation. If the annotation accuracy is above 90%, the annotation
results of the extracted text corpus are valid.

B. Data set label distribution
The label distribution of the re-labeled NLP&CC2013 dataset is shown in Table 1.

The data in the table is the percentage of the two emotional labels in the total number of
labels. This paper does not distinguish the primary and secondary relationship of emotions
in the text, but only explores which emotional labels are included in the text. As can be
seen from Table 1, about one-third of the text contains only one label, for which a label
completion operation is required. Emotional labels of different polarity co-existed less,
such as ”dislike” and ”like”, ”happy” and ”angry”, etc., while emotional labels of the same
polarity co-existed more, such as ”like” and ”happy”, ”disgust” and ”angry”. Finally, the
re-labeled NLP&CC2013 data set is divided and tested. The training set consists of 12000
corpus, the verification set of 1000 corpus, and the test set of 1000 corpus.
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Table 1. Emotion label distribution statistics/%

none disgust like happy fear sad angry surprise

none 2.4 4.3 4.2 5.7 3.7 5.4 4.5 4.2
disgust 0.3 0.2 4.8 4.6 5.9 3.3
like 9.8 0 0.3 0.1 3.7
happy 0.1 0.1 0 3.5
fear 5.5 6.2 4.1
sad 3.5 4.7
angry 4.9
surprise

4.2. Experimental Setup

A. Education text preprocessing
It mainly includes text standard processing and word segmentation. Standard process-

ing includes denoising by regular, converting traditional characters into simplified ones
and so on. Word segmentation is performed on the re-labeled NLP&cc2013 data set by
stuttering word segmentation package. Finally, a dictionary is built to implement text
preprocessing. In the process of establishing the dictionary, words that appear less than
5 times are filtered out, and words that do not appear in the dictionary are replaced by
< unk >.

B. Word vector training
Word embedding model Word2Vec converts words into a low-dimensional real vector

by using the relationship between words and context, which can effectively distinguish
between a word with multiple meanings or multiple words with one meaning. The Skip-
gram model in Word2Vec is used in this article. The default size of the text word vector
is 256, the size of the label word vector is 128, and the default value of the maximum
distance window of the word vector context is 8. This value can be dynamically adjusted
according to the size of the corpus during training. The default value of the maximum
number of iterations in stochastic gradient descent is 5, which can be increased for large
data.

C. Setting of network model parameters

Table 2. Parameters in GCN

Parameter value

Word vector dimension 200
Sliding window size 3,4,5
Number of sliding Windows 128
Activation function ReLU
Epoch 20
Optimizer Adam
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Table 3. Parameters in LSTM

Parameter value

Word vector dimension 200
Learning rate 0.001
Hidden layer size 256
Loss function Cross entropy
Epoch 20
Optimizer Adam

4.3. Evaluation Index

In order to evaluate the performance of GCN-LSTM, four widely used performance eval-
uation indexes of multi-label learning, including Hamming loss (HL), one-error rate (OE),
ranking loss (RL) and average precision (AP), are adopted.

Hamming loss (HL). It is used to evaluate the proportion of inconsistency between
the prediction label and the relevant real label. The smaller HL denotes the more accurate
the prediction result. The calculation is shown in Equation (30).

HL =
1

N

N∑
i=1

1

Q
|h(xi∆yi|. (30)

Where ∆ represents the symmetric difference between the set of predicted labels and
the set of real labels. N is the number of test set samples. h(xi represents the prediction
of sample xi. Q is the dimension of the label space. yi indicates the real label.

One-error rate (OE). It is used to evaluate the probability that the first label in the
predicted result is not in the set of real labels, calculated as equation (31).

OE =
1

N

N∑
i=1

[[argyi
minYi ∈ Zi]]. (31)

Where, [[·]] means that the result returns 0 when the prediction is correct and 1 when
the prediction is wrong. Yi indicates the predicted label result. Zi is the true label result.
argyi

minYi indicates the label at the front of the sample. N is the number of test set
samples.

Ranking loss (RL). It is used to estimate the average number of times an incorrect
label appears before a correct label in a sort sequence in a predicted result label set. The
calculation is shown in equation (32).

RL =
1

N
×

N∑
i=1

|(lk, lj)|fk(xi)| ≤ fj(xi)|
|yi||ȳi|

. (32)

Where ȳi is the complement of the set yi in the label space. f() is a real-valued
function corresponding to a multi-label classifier. lk is the prediction label. lj indicates
the true label. N indicates the number of test set samples.

Average precision (AP). It is used to measure the average number of correct sorting
in the prediction result label. The calculation is shown in equation (33).
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AP =
1

N

N∑
i=1

1

|yi|
∑
lk

A = |lj |rank(xi, lj) ≤ rank(xi, lk)|
rank(xi, lk)

. (33)

Where yi is the label space set. lk is the prediction label. lj indicates the real label. xi

is the prediction label probability. N indicates the number of test set samples. The larger
the average accuracy value, the more accurate the prediction result.

4.4. Experiment Results Comparison

In order to evaluate the performance of the model combined with GCN and LSTM, the
new model is compared with a single CNN and a single LSTM. During the training pro-
cess, the condition of early stopping of the model is set, and the model is saved when the
validation set val − acc is no longer increased for three rounds. The comparison results
of the three models are shown in Figure 5. The new model performs well on the test set.

Fig. 5. Accuracy comparison of GCNN, LSTM and proposed.

In order to evaluate the performance of GCN-LSTM model, it is compared with four
multi-label classification algorithms including: Unigram+Context [39], FastText [40], Trans-
former model [41] and PPS [42].

1. Multi-label classification method combining Context and text features (Unigram+Context).
This method uses a base classifier to analyze the microblog text and get the initial
emotion classification result of each sentence. Then the transfer probability of adja-
cent sentences is used to modify the sentence emotion category.

2. FastText model. Compared with the traditional word embedding method, this model
adds the embedding of character rgram, it can contain the local features of words,
and has a very fast training speed. The input to the model is a sequence of words,
using hierarchical softmax functions to calculate probabilities on predefined classes,
and using cross entropy to calculate losses.
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3. Transformer model. The model consists of encoder and decoder. Different from the
traditional CNN and RNN, self-attention can effectively solve the problem of long
distance dependent features in NLP tasks.

4. PPS method. Compared with the proposed method in this paper, the complete process
of label matrix is less, and the correlation between labels is not considered.

The comparison results of the five methods are shown in Figure 6 and Table 4. It
can be seen that, on the test set, the method that uses word unary grammar features as
the main features and combines context to predict microblog emotion is less effective
than the neural network method, and the accuracy rate is about 70%. The PPS method
has an accuracy rate of 76%. FastText convergence speed is faster, the accuracy is lower
than GCN-LSTM method, up to 72%. The convergence rate of Transformer method is
slower than other methods, and the final accuracy rate is 73%. However, the method in
this paper, GCN-LSTM, can slightly improve the accuracy of the whole process of adding
label related information, and the final accuracy rate is 79%.

Table 4. Comparison with different methods

Method 1 3 5 7 9 11 13 15

PPS 0.19 0.42 0.69 0.75 0.74 0.72 0.73 0.74
FastText 0.24 0.61 0.70 0.69 0.72 0.69 0.68 0.70
Transformer 0.10 0.29 0.45 0.55 0.65 0.66 0.75 0.71
GCN-LSTM 0.12 0.43 0.71 0.75 0.77 0.79 0.76 0.75

Fig. 6. Comparison with different methods.

In Table 5, the smaller value of ”↓” denotes the better classification effect, and the
larger value of ”↑” denotes the better classification effect. As can be seen from Table 5,
the GCN-LSTM model proposed in this paper performs relatively well in terms of average
accuracy (AP) and Hamming loss (HL). Compared with the method of using neural net-
work, the method of using unary feature and combining context has some shortcomings
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in each index. The FastText method can obtain local word order information using N-
gram. The Transformer method addresses sentence length dependency. The deep learning
method PPS not only extracts local features, but also extracts global semantic informa-
tion, and can complete multi-label sentiment classification (MLC) more accurately. These
four methods do not consider the correlation between labels, but the GCN-LSTM model
proposed in this paper can combine the local features of text with the global semantic
information, and also consider the correlation between labels. The experimental results
show that GCN-LSTM has a good multi-label classification effect.

Table 5. Experimental comparison results

Model HL↓ OE↓ RL↓ AP↑
Unigram+Context 0.264 0.283 0.238 0.693
FastText 0.243 0.328 0.265 0.714
Transformer 0.239 0.213 0.206 0.725
PPS 0.241 0.297 0.192 0.750
GCN-LSTM 0.224 0.269 0.276 0.784

5. Conclusion

In this paper, we propose a multi-label classification method called GCN-LSTM, which
combines GCN and LSTM neural networks to extract local features and global semantic
information effectively. The Attention mechanism is used to assign higher weight to ed-
ucational sentiment words. At the same time, the label correlation matrix corresponding
to each text instance is completed by using the label correlation matrix, and the corre-
lation between labels is investigated. That is, if only one emotion label is marked in a
text, whether the emotion label with greater correlation is suitable for the text. Label
completion of a single emotion label is beneficial to improve the accuracy of multi-label
classification. Experiments show that the model presented in this paper performs well on
the re-labeled NLP&CC2013 dataset. Future works will focus on more advanced method
and apply them in real engineering applications.

Acknowledgments. This work was supported by the Key Soft Science Research Project of Henan
Provincial Science and Technology Department in 2023 (232400411183).

References

1. Liu X, Li N, Xia Y. Affective image classification by jointly using interpretable art features and
semantic annotations[J]. Journal of Visual Communication and Image Representation, 2019,
58: 576-588.

2. Bayrakdar S, Yucedag I, Simsek M, et al. Semantic analysis on social networks: A survey[J].
International Journal of Communication Systems, 2020, 33(11): e4424.

3. Tamil Priya D, Divya Udayan J. Transfer learning techniques for emotion classification on vi-
sual features of images in the deep learning network[J]. International Journal of Speech Tech-
nology, 2020, 23: 361-372.



GCN-LSTM... 1603
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Abstract. The traditional methods of English text classification have two disad-
vantages. One is that they cannot fully represent the semantic information of the
text. The other is that they cannot fully extract and integrate the global and local
information of the text. Therefore, we propose a multi-feature fusion model based
on long and short term memory network and improved artificial bee colony algo-
rithm for English text classification. In this method, the character-level vector and
word-level vector representations of English text are calculated using a pre-training
model to obtain a more comprehensive text feature vector representation. Then the
multi-head attention mechanism is used to capture the dependencies in the text se-
quence to improve the semantic understanding of the text. Through feature fusion,
the channel features are optimized and the spatial features and time series features
are combined to improve the classification performance of the hybrid model. In the
stage of network training, the weighted linear combination of maximum Shannon
entropy and minimum cross entropy is used as the return degree evaluation function
of the bee colony algorithm, and the scale factor is introduced to adjust the solution
search strategy of leading bees and following bees, and the improved artificial bee
colony algorithm is combined with the classification network to realize the auto-
matic optimization and adjustment of network parameters. Experiments are carried
out on public data set. Compared with traditional convolutional neural networks,
the classification accuracy of the new model increases by 2% on average, and the
accuracy of data set increases by 2.4% at the highest.

Keywords: English text classification, multi-feature fusion, artificial bee algorithm,
long and short term memory network, multi-head attention mechanism.

1. Introduction

Text classification is a multi-domain technology that spans information retrieval, machine
learning and natural language processing, and is an important research direction of infor-
mation processing and data mining. The main goal is to automatically assign the classified
text to the category according to the content features or attribute features of the text when
the category is defined in advance [1]. According to the length of the text, text classifica-
tion is divided into short text classification and long text classification, and the number of
short text characters usually does not exceed 200 [2].

Text classification methods based on deep learning can be divided into word level
model, character level model and word mixed level model. Word-level model focuses on
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using word-level features to accurately express sentence meaning [3,4]. Because English
text has a space as a separator between words, the word-level model shows excellent re-
sults in English text classification. For Chinese text, because Chinese text does not contain
similar separators, the word-level model must have excellent word segmentation ability,
otherwise it will lead to wrong classification results. Based on the character-level model,
characters are the main features to avoid the word segmentation problem [5,6], and at
the same time, the adverse effects caused by excessive word segmentation results can be
solved. However, because Chinese characters have many meanings, the character-level
model may not be able to accurately express the meaning of sentences.

Recurrent neural network (RNN) and convolutional neural network (CNN) are the
main neural network models commonly used in text classification [7,8]. Recurrent neural
networks are a kind of network for modeling sequence data. Due to problems such as gra-
dient disappearance and gradient explosion, a variant of long short-term memory (LSTM)
is often used [9]. Since LSTM can only learn the global temporal features of the text and
cannot learn the local spatial features of the text, CNN is generally used to learn the lo-
cal features first, and then LSTM is combined to learn the temporal features. However,
the spatial dimension of the single-channel word embeddings used by the existing hybrid
models is low, and the feature representation is single. As a result, the one-dimensional
convolutional neural network cannot give full play to the spatial feature learning ability,
which affects the classification performance of the model.

In recent years, the mixed-level model based on words and words has been proved
to be an effective way and has been widely used in natural language processing, such as
Chinese question answering [10], text classification, etc. Tao et al. [11] proposed a Rad-
icalaware Attention-based Four-Granularity (RAFG) model, which combined characters,
words, character-level roots and word-level roots to implement text classification. In addi-
tion, RAFG employed serialized bidirectional LSTM and attention mechanism to capture
and integrate features. Hao et al. [12] proposed a Mutual-Attention Convolutional Neural
Network (MACNN), which generated two alignment information matrices with two-level
features through word and character features, and used convolutional neural networks to
generate integrated features to improve the classification performance of English texts.
However, due to the existence of one-word polysemy in English characters, these mixed-
level models did not solve the problem of inaccurate character-level feature representa-
tion. Therefore, this paper proposes a multi-feature fusion model based on LSTM and
improved artificial bee colony (ABC) algorithm for English text classification. Our main
contributions are as follows.

1. In this method, the character-level vector and word-level vector representations of
English text are calculated using a pre-training model to obtain a more comprehensive
text feature vector representation.

2. Then the multi-head attention mechanism is used to capture the dependencies in the
text sequence to improve the semantic understanding of the text. Through feature
fusion, the channel features are optimized and the spatial features and time series
features are combined to improve the classification performance of the hybrid model.

3. In the stage of network training, the weighted linear combination of maximum Shan-
non entropy and minimum cross entropy is used as the return degree evaluation func-
tion of the bee colony algorithm, and the scale factor is introduced to adjust the so-
lution search strategy of leading bees and following bees, and the improved artificial
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bee colony algorithm is combined with the classification network to realize the auto-
matic optimization and adjustment of network parameters.

4. A large number of experimental results on public data sets show that the proposed
method achieves good classification results.

This paper is structured as follows. In section 2, we detailed introduce the related
works. Multi-label educational emotion prediction model is proposed in section 3. Exper-
iments are conducted in section 4. There is a conclusion in section 5.

2. Related Works

Traditional machine learning algorithms [13] often need feature selection in text classi-
fication, while deep learning algorithms are widely used because they can automatically
carry out feature learning. Common structures include CNN and RNN, which are suitable
for processing time series data and are widely used in text classification. Jin et al. [14]
proposed three models based on LSTM to deal with text classification under multi-task
learning. Senthil et al. [15] used bidirectional LSTM combined with feed-forward neural
network for emotion analysis. Since LSTM can only output the features of the last mo-
ment and cannot make full use of the features of each moment, some scholars try to use
attention mechanism to optimize the feature representation of LSTM. Lin et al. [16] used
the attention mechanism to weight the features of each moment of LSTM, achieving good
results in the emotion classification task. Hu et al. [17] introduced Multi-head Attention
into bi-directional LSTM for emotion classification, and achieved better results than bi-
directional LSTM. Because RNNs cannot learn spatial features and the training time is
long, CNNs are used in the text field. Zhoum et al.[18] used CNN for text classification,
adopted multi-path convolution to extract spatial features and global maximum pooling
to retain the most important features, and verified the practicability of CNN in the field of
text classification through experiments. Since global maximum pooling is prone to cause
a large number of feature loss, Chen et al. [19] proposed a dynamic pooling idea, which
adopted different K values in different pooling layers to preserve the first K maximum
features, effectively solving the problem of serious feature loss in global maximum pool-
ing. Jia et al. [20] applied capsule neural network to text classification, and achieved better
results than classical CNN on some data sets. Bang et al. [21] tried to combine the atten-
tion mechanism in CNN, which effectively improved the ability of CNN to learn local
features.

Because CNN and RNN have different emphasis, many scholars put forward a hybrid
model combining the advantages of both. Huang et al. [22] proposed a recurrent convo-
lutional neural network (RCNN), which used a bidirectional cycle structure to model the
context of features and realized the core idea of convolution. Moradzadeh et al. [23] put
forward the hybrid model C-LSTM, which provided the mode of combining CNN and
RNN. Reference [24] used multiple convolutions to learn spatial features, and learned
temporal features through LSTM after fusion. Reference [25] extracted more abstract
spatial features through stacked convolution pooling layers for each route, and then com-
bined LSTM for time series feature learning after fusion. The LSTM-CNN [26] explored
the feature learning mode of time sequence before space. On this basis, the BRCAN model
proposed by Zhou et al. [27] used bidirectional LSTM to learn context information, and
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then combined CNN and attention mechanism to weight key features, achieving good
classification effect on multiple data sets. Hasib et al. [28] explored a variety of attention
mechanisms and conducted a comprehensive comparative evaluation. The C-HAN model
proposed by Long et al. [29] divided text representation into two stages: word-sentence
and sentence-document, and compared the effects of word vector and word vector on
model performance. The TSOHHAN model proposed by Li et al. [30] combined the role
of title in topic classification and achieved a classification accuracy rate superior to that of
traditional hierarchical attention networks. Different from the small-scale shallow neural
network model proposed by the above scholars, the Google team proposed a pre-trained
language model BERT [31], which had achieved excellent results in a number of NLP
tasks.

In terms of feature extraction, deep learning methods employ nonlinear activated neu-
ral networks to process large amounts of input data, avoiding heavy and time-consuming
feature engineering. Recurrent neural networks and convolutional neural networks are
widely used in the field of text classification. Kim et al. [32] applied CNN to text clas-
sification tasks for the first time and proposed a Text Convolutional Neural Network
(TextCNN). TextCNN used convolution kernel of different sizes to extract local static fea-
tures of text, which could effectively extract local text information. Based on TextCNN
architecture, Xu et al. [33] proposed a new CNN model. First, dynamic maximum pool-
ing was used to capture richer information in text. Secondly, in order to further improve
the classification accuracy, a hidden bottleneck layer was added after the pooling layer.
Ferjani et al. [34] proposed a word-level Deep Pyramid Convolutional Neural network,
which enabled the model to capture long-distance dependencies in text by stacking con-
volutional layers and maximum pooling layers. However, the convolution operation could
not take into account the text position information of the sequence. Although RNN can
extract text context information and consider text position information, there is gradient
explosion problem in the training process, which will seriously affect the experimental
results.

In recent years, attention mechanism has been widely used in the field of text clas-
sification. Ding et al. [35] proposed a directed self-attention network, which achieved
good experimental results by using only the attention mechanism without using CNN and
RNN structures. Meng et al. [36] combined CNN and the attention mechanism, used the
attention mechanism to calculate the weight of words with higher relevance to text seman-
tics, and further extracted semantic features through CNN. Zhang et al. [37] proposed a
Coordinated CNN-LSTM-Attention (CCLA) model. The model first learned the text se-
quence representation using CCLA, and then obtained the emotional tendencies in the
text through the classifier.

In terms of text representation, Gong et al. [38] proposed a static word vector repre-
sentation model, word2vec. Different from the previous high-dimensional sparse one-hot
vector, this model could map text sequences to low-dimensional dense vectors, while also
taking into account the contextual semantic information of the text in which the sequences
were located.

Pre-trained models have also achieved good results in text representation. Lin et al.
[39] proposed a pre-training model Bert based on Transformer. The model training task
was divided into two steps. The first step was unsupervised pre-training using large-
scale corpus. The second step was to fine-tune the model to accommodate different NLP
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tasks. Li et al [40] proposed Enhanced Language Representation with Informative Enti-
ties (ERNIE) on the basis of Bert. ERNIE improved the mask semantic model by using
global information to predict parts of the mask, and by using the information entities in the
knowledge graph, so that the model could better learn the complete semantic representa-
tion. Peng et al. [41] proposed ERNIE2.0 for sustainable learning. The model used a large
number of corpus models for unsupervised training tasks, and then used pre-training tasks
to continuously update the model to further improve the language representation ability
of the model.

Although scholars have proposed a variety of hybrid models, the existing hybrid mod-
els still have the following problems.

1. Single-channel word embedding is commonly used, the spatial dimension is low, the
feature representation of text is single, and only one-dimensional convolution algo-
rithm can be used on a single channel, which cannot give full play to the spatial
feature learning ability of convolution;

2. When the existing CNN-RNN hybrid model fuses multi-channel convolution fea-
tures, the feature timing after fusion is often damaged, which affects the subsequent
LSTM layer’s learning process of timing features.

Therefore, in order to make full use of dual-channel features, the model proposed in
this paper first learns spatial features independently in the two channels, and then uses
point-by-point convolution fusion channel features to enhance the spatial feature learning
ability of the convolution layer. When fusing multi-path convolutional features, bidirec-
tional LSTM combined with attention mechanism is used in each path for timing fea-
ture learning, and the features of each path are concatenated to represent text, effectively
avoiding the problem that the multi-path convolutional feature fusion process will cause
damage to the timing feature after fusion before entering LSTM. At the same time, we
use an improved ABC to optimize the network parameters and further optimize the effect.
Experiments show that the proposed text classification model achieves good classification
performance on multiple data sets.

3. Proposed English Text Classification Model

Although the traditional word mixing model has a good ability to express features, the
character-level features fail to take into account the polysemy of English characters.
Therefore, this paper proposes a English text classification method with multi-feature
fusion model based on long and short term memory network and improved artificial bee
colony algorithm to achieve the task of English text classification, as shown in Figure 1.

3.1. Input Layer

The input layer mainly solves the problem of text sequence partitioning. Consider a En-
glish sentence S, which is divided into two distinct sequences: word-level Sword =
w1, w2, · · · , wn and character-level Schar = c1, c2, · · · , ct. Where n and t are the se-
quence lengths obtained by dividing sentences according to word and word respectively.
In order to better illustrate the problem of sequence partitioning, taking ”Today we see
the film and eat watermelon” as an example, Figure 2 shows the results of word-level
sequence and character-level sequence partitioning in English text.
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Fig. 1. Proposed English text classification model

Fig. 2. Text sequence division

3.2. Encoder Layer

The main function of the encoding layer is to represent the sequence of text from the input
layer in a continuous space. It receives two levels of features, the word vector representa-
tion and the word vector representation, (i.e. Schar and Sword) and outputs two embedded
matrices through a pre-trained model.

Traditional language representation methods are static and can not solve the prob-
lem of polysemy in English text. Therefore, this paper uses ERNIE to complete the
character-level vector representation of text, and optimizes the traditional static repre-
sentation method to dynamic representation method. ERNIE improves the mask strategy
on the basis of BERT, and introduces the enhanced language representation model of
knowledge graph, which can complete the vectoring representation of Chinese characters
more accurately. The ERNIE model adopts multi-layer Transformer module and uses bi-
directional Transformer structure for text vectorization. The text sequence Schar is first
entered into multiple self-attention layers to obtain contextual information. Then, the con-
text information is input into the Normalize layer for residual connection and normaliza-
tion operations, and then the linear change is processed through the feed-forward neural
network. After repeating the previous step, the dynamic word vector representation is ob-
tained by combining the knowledge external entity information and the prior semantic
information of the masking strategy. Through the vector representation obtained by train-
ing, the coding layer converts the character-level text sequence Schar into a character-level
vector echar = [e1char, e

2
char, · · · , etchar].

In this paper, the common word2vec model is used to calculate the word-level vec-
tor of text. word2vec is a model for training static word vectors that can map high-
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dimensional, sparse one-hot vectors to low-dimensional, dense word vectors. word2vec
has two training modes [42], namely CBOW and Skip-gram. Because Skip-gram is better
than CBOW in learning rare words, Skip-gram is more accurate. Therefore, this paper uses
Skip-gram mode to train word vectors. By training the word vector, the input text sequence
Sword is transformed into the word level vector eword = [e1word, e

2
word, · · · , enword].

3.3. Feature Fusion Layer

The feature layer aims to generate a comprehensive feature representation of the input
text S by combining contextual word-level features with character-level features. Since
the word-level and character-level embedding matrices are located in two independent
Spaces, direct fusion of features along time series will damage text representation infor-
mation, so this paper adopts two independent feature layers to extract character-level and
character-level text features respectively. The feature layer consists of the attention layer
and the convolution layer, and the details are as follows.

The attention layer. In order to integrate features, highlight the features with high rel-
evance to the text semantics, and enhance their weight. This paper uses Transformer [43]
multi-head attention encoder to capture full text context information. Multiple attention
is calculated using multiple attention, and then the results of each attention are spliced to
obtain different levels of semantic information. The calculation is shown in formula (1):

hi = softmax(
QKT

√
dk

)V. (1)

Where, Q, K, V are the weighted matrix, d is the dimension of the vector, softmax
function normalizes the output result row.

Next, combine each self-attention output to obtain multi-head attention output, which
is calculated as shown in formula (2):

Multihead = Concat(h1, h2, · · · , hy)W
T . (2)

Where y is the total amount of self-attention and WT is the matrix for transforming
the dimensions of the concatenation results.

The convolution layer. In order to prevent semantic information loss in the attention
layer, the feature extracted from the character level vector and word level vector and the
text embedding matrix in the coding layer are folded into two two-dimensional tensors
respectively. Similar to a picture with three channels, these stacked feature tensors can
be viewed as an image with two channels. After stacking features into two-dimensional
tensors, the convolution layer can extract feature information of different dimensions from
multi-channel feature vectors.

The convolutional layer is composed of CNN, Relu function and one-dimensional
maximum pooling, and its structure is shown in Figure 3. It has a strong local feature
extraction ability, which can capture important phrase features. Moreover, this convolu-
tion layer uses multiple convolution kernels for feature mapping, which can extract more
feature information than a single convolution kernels. In a convolutional neural network,
a sub-feature ci is calculated by a filter w and a feature window zi:i+k−1, as shown in the
formula (3):
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ci = f(w ∗ zi:i+k−1 + b). (3)

Where b is the biased term and f is the Relu function. The filter is applied to the
feature representation z = z1, z2, · · · , zl−k+1, resulting in the feature vector:

C = [c1, c2, · · · , cl−k+1]. (4)

Where, k is the step dimension length and l is the text sequence length. In a two-
channel architecture, the filter acts on each channel. And after calculating ci, it is entered
into the pooling layer. The role of the pooling layer is to reduce the model parameters and
reduce the risk of over-fitting the model while preserving the main features.

In addition, j types of convolution kernel are used in this paper, and the number of
each convolution kernel is m. The output result of each convolution kernel is Hi(1 ≤ i ≤
j), and its calculation formula is shown in equation (5):

Hi = concat(max(c1),max(c2), · · · ,max(cm)). (5)

max is a one-dimensional pooling operation and concat is a concatenation operation.

Fig. 3. Convolution layer structure

3.4. Two-way LSTM Layer

For long texts, the context information of words is sufficient and there are often long dis-
tance semantic associations. Compared with short texts with few features and insufficient
time sequence information, long texts have higher requirements for the time sequence of
features. Before the feature is input to LSTM, the multi-path convolution is fused first,
which cannot guarantee the timing of the features after fusion, and greatly affects the
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LSTM learning process of long text timing features. Let M1 and M2 respectively rep-
resent the feature graph matrix formed by the convolution of different paths. If M1 and
M2 are joined horizontally, due to the difference in the convolution kernel size, M1 and
M2 are different in row dimension, and can only be filled with 0, so that the convolution
feature map size remains unchanged, which will cause the timing features of M1 and M2

cannot be completely aligned, resulting in the overall quality of the timing feature de-
cline. If M1 and M2 are spliced vertically, the global order of the overall features cannot
be guaranteed after splicing.

In order to avoid the shortcomings of the above fusion methods, the model in this
paper uses bidirectional LSTM to learn the timing features of each route, and combines
the bidirectional timing features of each route to represent the final text, avoiding the
problem of declining the quality of timing features caused by the fusion of various features
before entering the LSTM. Since the traditional forward LSTM can only learn the above
information of features, ignoring the below information of features, this paper uses two-
way LSTM to learn the context information of features at the same time, which greatly
improves the learning ability of temporal features of the model. In order to make full use
of the output features of all LSTM moments, the model uses the attention mechanism
to carry out weighted summation of the features of each LSTM moment to improve the
output quality of LSTM. The bidirectional LSTM layer in this paper is shown in Figure
4.

Fig. 4. Bidirectional LSTM layer

Let i represent the i − th time and i ∈ [0, t]. xi represents the input vector at time
i. Mk represents the feature graph matrix formed by one convolution, then Mk can be
expressed as the concatenation of multiple row vectors, as shown in equation (6).
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Mk = x0 ⊕ x1 ⊕ · · · ⊕ xt. (6)

LSTM receives xi as an input vector in chronological order. ct indicates the LSTM
unit status. ht indicates the final output of the LSTM unit. ft, it, ot indicate the memory
gate, input gate, and output gate respectively. σ indicates the Sigmoid activation function.
Wf , Wi, Wo, Wc, bf , bi, bo, bc indicate the parameters that the network needs to learn.
The final output calculation of LSTM is shown in equations (7-12). Since the model uses
the bidirectional LSTM learning timing feature, the final output of bidirectional LSTM is
obtained by combining the forward LSTM output with the reverse LSTM output.

ft = σ(Wf · [ht−1, xt] + bf ). (7)

it = σ(Wi · [ht−1, xt] + bi). (8)

ot = σ(Wo · [ht−1, xt] + bo). (9)

qt = σ(Wc · [ht−1, xt] + bc). (10)

ct = ft ⊙ ct−1 + it ⊙ qt. (11)

ht = ot tanh(ct). (12)

Since LSTM can only learn the output vector of the last moment and cannot make full
use of the output of each moment, this paper uses the attention mechanism to complete
the weighted fusion of the output features of each moment. Let Hi represent the output
vector of the bidirectional LSTM layer at time i. ei indicates how important Hi is to the
overall semantic representation of the text. ai represents the weight of Hi’s contribution
to the overall semantic representation of the text. According to the above definition, the
attention weight of the bidirectional LSTM layer is calculated as shown in equations (13)
and (14).

ei = uT · tanh j(Wa ·Hi + ba). (13)

ai =
exp(ei)∑t
j=0 exp(ei)

. (14)

Among them, uT , Wa and ba are the parameters that the network needs to learn. tanh
is a nonlinear activation function. After the attention weights of each moment of the bidi-
rectional LSTM layer are obtained, the output vectors of all moments of the bidirectional
LSTM layer are weighted and summed by equation (15). The resulting vector v is the
characteristic vector of the final output of the entire bidirectional LSTM layer.

v =

t∑
i=0

aiHi. (15)
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Let vi represent the document representation vector learned after the i− th way con-
volutional features pass through the bidirectional LSTM layer, then the document repre-
sentation vector vd finally formed by the model can be represented as the concatenation
of n-way convolutional document representation vectors, as shown in equation (16).

vd = v1 ⊕ v2 ⊕ · · · vn. (16)

After the final representation vector vd of the text is obtained, the final category out-
put of vd is carried out through the full connection layer and the Softmax layer. Let c
represent a class. n indicates the number of categories. d represents the output vector of
the document vector vd after passing through the fully connected layer. dc represents the
value of the component of the vector d belonging to class c. pc represents the probability
that the text is classified as c. Wc and bc are parameters that need to be learned in the
fully connected layer network. f is a nonlinear activation function, then pc is calculated
as shown in equations (17) and (18).

d = f(Wc · vd + bc). (17)

pc =
exp(dc)∑n

k=1 exp(dk)
. (18)

3.5. Network Parameter Optimization Based on Improved ABC

Artificial bee colony algorithm (ABC) is an optimization method to imitate the honey
collecting behavior of bees [44]. The minimum search model for generating swarm intel-
ligence consists of three basic components: honey source, hired bees (also known as lead
bees), and unhired bees (including scout bees and follower bees). Two basic behavioral
models include recruiting bees for a honey source and giving up a honey source. The
honey source is used to represent the solution of the problem, and the value of the honey
source is expressed by the income degree function, which is the optimization object func-
tion. The guide bees correspond to the honey source one by one, which is used to store the
relevant information of the corresponding honey source and share it with other bees with
a certain probability. The main task of scout bees and follower bees is to find and extract
honey. The process of bees gathering honey is the process of finding the optimal solution
of the objective function. The basic swarm algorithm flow is shown in Figure 5.

However, like all other evolutionary algorithms, ABC also has the inherent problem
of too slow or too fast convergence. Therefore, this paper adopts anti-learning algorithm,
and proposes an improved artificial bee colony algorithm to improve the strategies of
leading and following bees to search for honey sources by introducing scale factors, so
as to realize the adaptive adjustment of the artificial bee colony algorithm. The specific
policy modification expression is as follows.

vij = xij + ϕ(xij − xkj). (19)

Where, i = 1, 2, · · · , N , j = 1, 2, · · · , D. Where v is used to indicate the location
of pre-search for new nectar sources. x is used to indicate the specific location of the
current nectar source. ϕ ∈ (−1, 1) is a scale regulating factor, which determines the scale
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Fig. 5. ABC flow chart

of movement from the current solution to the next feasible solution. N is the number of
nectar sources. D is the dimension of the solution. The expression for ϕ is as follows.

ϕ(G+ 1) =

{
ϕl + rand1

√
rand22 + rand23 ifPi < rand4ϕu otherwise (20)

Where, randi ∈ [0, 1], i = 1, 2, 3, 4. Pi is the selection probability value of the i− th
leader bee, that is, Pi =

Fitvali∑N

k=1
Fitvalk

. According to the above adjustment principle, the

calculation expression of the G+ 1− th generation scaling factor ϕG+1 is as follows.

ϕ(G+ 1) = {2ϕl − ϕ(G+ 1) ifϕ(G+ 1) < ϕl2ϕu − ϕ(G+ 1) ifϕ(G+ 1) > ϕu

(21)
Among them, Fitvali is the return degree evaluation function value of the i − th

honey source. randi is a random number between [0,1]. ϕu and ϕl are used to set the
boundary of the range value of ϕ(G+ 1) under manual intervention.

The modified artificial bee colony algorithm is more close to the natural process of
bees to find honey sources, and can ensure the diversity and balance of solutions in the
algorithm.

In this paper, the linear weighting function of the maximum Shannon entropy and the
minimum cross entropy is used as the objective evaluation function of the network classi-
fication result (i.e. the return degree function of the bee colony algorithm). By adjusting
the scale factor ϕ of the solution adjustment strategy of the leading bees and the following
bees, an improved artificial bee colony algorithm is proposed to optimize the parameters
of the classification network. The step of the algorithm is as follows.

1. Group initialization. At the initial time, N feasible solutions are randomly generated
X = (β, Vθ, aθ). The resulting formula is as follows.

Xj
i = Xj

min + rand(0, 1)(Xj
max −Xj

min). (22)

Where, i = 1, 2, 3. β ∈ [0.001, 200], Vθ ∈ [0.001, 200], V aθ ∈ [0.001, 100].
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2. Automatically adjust the solution search strategy of leading and following bees.
3. Set the income degree function. In this paper, the linear weighted sum of maximum

Shannon entropy and minimum cross entropy is used as the evaluation standard for
parameter optimization adjustment of each generation.

fit = ρH1(p)− (1− ρ)H2(p). (23)

H1(p) = p1 log2 p1 + p0 log2 p0. (24)

H2(p) = p1 log2
p0
p1

+ p0 log2
p1
p0

. (25)

Where H1(p) and H2(p) represent the maximum Shannon entropy and the minimum
cross entropy in the fitness function in sequence. p1 and p0 represent the probability
that the output value of the network is 1 and 0. ρ is the weighting coefficient of the
fitness function, and ρ ∈ [0, 1]. Where, if ρ takes 1 or 0 as the evaluation function,
the two special cases are the cases where the maximum aroma entropy and the lowest
cross entropy are adopted. Then the return degree evaluation function of the improved
artificial bee colony algorithm is:

Fitval(β, Vθ, aθ) =

{
1

1 + fit
iffit ≥ 01 + |fit| iffit < 0 (26)

4. Algorithm termination condition. To improve the termination conditions of the arti-
ficial bee colony algorithm, the local maximum iteration times (threshold limit and
global maximum iteration times) are set to ensure the termination of the algorithm.

3.6. Output Layer

Through the feature layer, the feature vector Vw based on the word level and the feature
vector Vc based on the character level are obtained respectively, and the two feature vec-
tors are spliced to obtain the fused feature vector V , which is the final representation of
the input text. Then, input V into the fully connected neural network to obtain the output
vector O ∈ RK(K is the number of categories), as shown in formula (27):

O = sigmoid(V ∗Wf ). (27)

Where, Wf is the weight matrix of a fully connected network. sigmoid is a nonlinear
activation function. Finally, the values in O are mapped to conditional probabilities S
through softmax, and the category with the highest probability of conditional probabilities
is the prediction category. The calculation of S is shown in formula (28):

S = argmax(softmax(O)). (28)

4. Experimental Results and Analysis

This section will first introduce the data set used in the experiment, the experimental
environment and parameter settings, and the baseline method. Then, the experimental
evaluation of the proposed method and baseline method on three data sets is given. Finally,
the ablation experiment and comparison with the advanced method is given.
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4.1. Dataset

The classification task is performed on three English text data sets: Reuters, the English
Journal Articles Dataset (EJA), and the Agency French Press (AFP). Summary statistics
for the data set are shown in Table 1.

Table 1. Dataset

Dataset Training Verification Testing Category number Maximum length
Reuters 40000 5000 5000 14 32

EJA 10000 1000 1000 10 32
AFP 200000 20000 20000 15 36

EJA. This data set is an English journal paper dataset containing article titles. 10000
samples are randomly selected for training, 1000 samples for validation and 1000 samples
for testing. The first 32 characters (including punctuation) are taken from each sample to
form a new dataset.

Reuters. This dataset is a social news dataset with headlines and contains 40000 sam-
ples for training, 5000 samples for validation, and 5000 samples for testing. The first 32
characters (including punctuation) are taken from each sample to form a new dataset.

AFP. This dataset is divided into 15 categories, with 200000 samples reserved for
training, 20000 for validation, and 20000 for testing. The first 36 characters (including
punctuation characters) are taken from each sample as a new dataset.

4.2. Experimental Environment and Parameter Setting

This experiment is conducted in Python 3.7 and Pytorch 1.8.0, using an Intel(R) Core
i5-10600KF CPU and NvidiaRTX 3050Ti [45].

The main parameter Settings of the experimental model are shown in Table 2. On
EJA and Reuters data sets, the padding size is set to 32; On the AFP dataset, the padding
size is set to 36. At the same time, in order to avoid model over-fitting and ineffective
consumption of computing resources, the training process of the model is terminated in
advance when the training effect of the model is not improved after 1000 batches. In addi-
tion, when using the word2vec model to train the word vector in this paper, the dimension
of the word vector is 300, the size of the training window is 5, the threshold of word
frequency is 5, and the number of training iterations is 5.

4.3. Baseline Method

In order to verify the validity of the proposed method in English text classification, this
paper compares the proposed method with the following methods.

TextRNN. It respectively inputs words, characters and words mixed into word2vec to
get text features, and apply TextRNN as a classifier. TextRNN uses the forward LSTM
module and the backward LSTM module respectively to obtain the sum of the forward
and backward hidden vectors, and finally concatenates the two into the softmax layer to
obtain the classification result.
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Table 2. Parameter configuration

Parameter value
batch-size 64

learning rate 5e−5

CNN filter size 2,3,4
CNN filter num 256

epoch 30
dropout 0.4

Multihead attention heads 5

RCNN. It inputs words, characters and words into word2vec respectively to get text
features, and uses RCNN as a classifier. RCNN is a hybrid network model composed of
two layers. In the first layer, RNN is applied to learn the text representation with word
embeddings, and in the second layer, CNN and maximum pooling are applied to extract
the most obvious features.

ERNIE. ERNIE designed a new continuous multi-paradigm unified pre-training frame-
work and utilized specific self-attention codes to control the content of predicted condi-
tions.

Attention+CNN. It takes ERNIE and word2vec output as text features, and applies the
attention mechanism and CNN as classifiers.

When the accuracy is unbalanced or irregular, the model cannot be evaluated accu-
rately [46]. The F1 value is used as the performance evaluation index, and the accuracy
rate and recall rate are used as the reference. F1 is shown in formula (29).

F1 =
2PR

P +R
. (29)

Precision (P) indicates the precision rate, and Recall (R) indicates the recall rate.

4.4. Results Analysis

To evaluate the effectiveness of proposed method, experiments are conducted on three
datasets. Taking accuracy rate, recall rate and F1 as evaluation indicators, the experimental
results are shown in Table 3, Table 4 and Table 5. It can be noted that the model proposed
in this paper achieves higher performance than other baseline methods. In order to find
the internal reasons, the experimental results are analyzed in detail as follows.

The experimental results are shown in Table 3, Table 4 and Table 5. By comparing the
experimental results of TextRNN-w, TextRNN-c and TextRNN-wc on the three datasets,
it can be found that TextRNN-wc has the best classification performance, followed by
TextRNN-w. The results show that TextRNN-wc with two-level features has a higher F1
value. This not only proves that character-level features and word-level features can be
used well together, but also shows that character-level features and word-level features
promote each other. At the same time, similar conclusions can be drawn from the com-
parison results of RCNN-w, RCNN-c and RCNN-wc.

Then, comparing the proposed method with the experimental results of ERNIE, the
performance of the proposed method is obviously better. The results show that combining
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Table 3. Results on EJA/%

Model P R F1
TextRNN-w 79.88 78.84 79.36
TextRNN-c 79.15 78.31 78.73

TextRNN-wc 80.19 79.67 79.93
RCNN-w 78.26 77.54 77.90
RCNN-c 79.22 78.62 78.92

RCNN-wc 80.87 80.41 80.64
ERNIE 83.66 83.10 83.38

Attention+CNN 85.65 85.43 85.54
Proposed 86.48 86.24 86.36

Table 4. Results on Reuters/%

Model P R F1
TextRNN-w 92.07 91.39 91.73
TextRNN-c 91.86 91.46 91.66

TextRNN-wc 92.55 91.81 92.18
RCNN-w 93.72 93.38 93.55
RCNN-c 91.66 91.30 91.48

RCNN-wc 94.88 94.40 94.64
ERNIE 93.67 93.61 93.64

Attention+CNN 94.85 94.97 94.91
Proposed 95.81 95.71 95.76

the dynamic feature representation model ERNIE with the traditional static feature repre-
sentation model word2vec can improve the performance of text classification. In addition,
the experimental results of TextRNN-wc, RCNN-wc and proposed method show that the
proposed method uses dynamic word vectors to represent character-level features, which
can represent text information more accurately and contribute to the representation of text
features.

Finally, on the three data sets, the proposed method has better classification perfor-
mance than Attention+CNN. Although Attention+CNN introduces CNN and attention
mechanism, it does not consider that there may be feature information loss in the process

Table 5. Results on AFP/%

Model P R F1
TextRNN-w 91.96 92.56 92.26
TextRNN-c 91.83 91.53 91.78

TextRNN-wc 92.87 92.51 92.69
RCNN-w 93.12 92.42 92.77
RCNN-c 92.63 92.37 92.50

RCNN-wc 93.74 93.56 93.65
ERNIE 94.29 94.15 94.22

Attention+CNN 95.03 94.89 94.96
Proposed 96.14 96.10 96.12
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of feature extraction. By stacking text embedding matrix before extracting local key fea-
tures from CNN, the proposed method retains more text information, which can make the
model obtain higher performance.

4.5. Ablation Experiment

Although the above experiments prove that the proposed method has good text classifi-
cation performance, in order to display the functions of each part of the model. In this
section, we will conduct ablation experiments on the proposed method in order to better
demonstrate the contributions of each part of the model. The results of ablation experi-
ments are shown in Table 6, Table 7, and Table 8.

Table 6. Ablation results on EJA/%

Model P R F1
LSTM 83.76 83.38 83.57

LSTM+ABC 85.44 85.20 85.32
LSTM+attention 84.50 84.66 84.58

Proposed 86.48 86.24 86.36

Table 7. Ablation results on Reuters/%

Model P R F1
LSTM 94.03 93.77 93.90

LSTM+ABC 94.86 94.74 94.80
LSTM+attention 95.34 95.20 95.27

Proposed 95.81 95.71 95.76

Table 8. Ablation results on AFP/%

Model P R F1
LSTM 93.26 92.98 93.12

LSTM+ABC 95.22 95.12 95.17
LSTM+attention 94.83 95.01 94.92

Proposed 96.14 96.10 96.12

The results of the ablation experiment are shown in Table 6, Table 7 and Table 8.
Comparing LSTM with LSTM+attention, it can be seen that LSTM+attention has better
classification performance than LSTM. This experimental result proves that the attention
layer can highlight the features that are highly relevant to text semantics and enhance
their weight. From the experiments of LSTM and LSTM+ABC, it can be found that
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LSTM+ABC has higher classification performance. This shows that the network param-
eter optimization based on ABC is helpful for text classification. Finally, the four cases
are compared, and the proposed method achieves higher performance on the three data
sets. The results show that the convolution layer can make up for the lack of local feature
extraction ability in the attention layer, and the model is more efficient when the attention
layer constructs richer semantic information.

Finally, we choose three advanced methods to compare with the method in this paper
including GMT [47], SSF [48], SCLTW [49]. From the table 9, the proposed method in
this paper obtains the optimal F1 value.

Table 9. Comparison results with different method (F1)/%

Model GMT SSF SCLTW Proposed
EJA 79.88 82.63 85.25 86.36

Reuters 91.08 92.71 94.65 95.76
AFP 91.92 93.25 95.33 96.12

5. Conclusion

Aiming at the difficulty of text representation and feature extraction in English text classi-
fication tasks, this paper proposes a method of English short text classification with mixed
features and multiple attention. Firstly, combining word-level features and character-level
features, multilevel feature representation of text data is carried out. Then the attention
layer and convolution layer are used to extract the global and local features of the text
respectively. Finally, the two features are fused and text categories are predicted by the
full connection layer and softmax layer. At the same time, the improved ABC is used
to optimize the network parameters, and better classification effect is obtained. Experi-
ments are carried out on three public data sets and compared with the current mainstream
classification models. The experimental results show that the proposed method has good
classification performance compared with the baseline model. Although the method pro-
posed in this paper has certain performance, it also has some obvious shortcomings. The
number of parameters in the model is large and the calculation cost is high. The next step
will be to verify the effectiveness of the algorithm on more data sets. At the same time,
considering the deficiency of the model, the model is studied in a finer granularity.
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Abstract. The traditional industrial big data fusion algorithm has low efficiency
and difficulty in processing high-dimensional data, this paper proposes a Q-learning-
based cascade classifier model for industrial big data fusion. By combining cascade
classifier and softmax classifier, feature extraction and data attribute classification
of source industrial big data are completed in this cluster. In order to improve the
classification rate, an improved Q-learning algorithm is proposed, which makes the
improved algorithm randomly select actions in the early stage, and dynamically
change in the late stage in the random selection of actions and actions with the
highest reward value. It effectively improves the defects of traditional Q-learning
algorithm that it is easy to fall into the local optimal and has slow convergence
speed. The experimental results show that compared with other advanced fusion al-
gorithms, the proposed method can greatly reduce the network energy consumption
and effectively improve the efficiency and accuracy of data fusion under the same
data volume.

Keywords: industrial big data fusion, Q-learning, cascade classifier, feature extrac-
tion.

1. Introduction

With the rapid development of industrial Internet of Things (IoT) technology, wireless
sensor networks, as the core component of IoT sensing layer, have been widely used in
various environmental monitoring fields [1-3]. In practice, most sensor nodes are powered
by batteries, which leads to limited network resources. Due to the uneven geographical
distribution of a large number of nodes, there is too much redundant information in the
data [4], which increases energy consumption and transmission delay. In addition, due
to the widespread interference in the application environment of the Internet of Things,
it will directly weaken the data communication transmission capability and reduce the

⋆ Corresponding Author



1630 Xi Zhang et al.

accuracy of data acquisition, affecting the overall performance of the Internet of Things
system.

In order to solve the above problems, some fusion technologies for industrial big data
came into being [5,6]. The main idea is to fuse data from multiple different source nodes
to eliminate redundancy and reduce data transmission volume, so as to improve network
performance, extend network life and reduce energy consumption. The traditional fusion
algorithms are mostly based on BP neural network, SOFM and other shallow network
models. These models are prone to problems such as over-fitting, model training trapping
local minimum, slow convergence rate, etc., resulting in reduced algorithm efficiency,
weak feature extraction and classification ability, and unable to effectively process high-
dimensional data [7,8]. In view of the above defects, the application of deep model has
become a new direction for the integration of industrial big data. In 2015, LeCun et al.
[9] proposed the concept of ”deep learning”. Then, convolutional neural network (CNN)
[10], stack auto-encoder (SAE) and other models have been widely used. Currently, deep
learning has been studied in the field of data fusion. References [11-13] proposed to use
the SAE model in deep learning to carry out feature fusion on industrial big data, signif-
icantly improving the accuracy of fusion. In reference [14], combining the deep model
and sparse filtering algorithm, the BSSFM model was designed to extract data features,
which improved the efficiency of fusion and reduced energy consumption. However, the
use of SAE and other models would generate a large number of weight parameters in the
training process, increasing the difficulty of model training.

Reference [15] studied a multi-sensor data fusion method in a complex environment.
According to the results of trust, the idea of evidence iterative fusion was introduced to
correct evidence conflicts from the level of evidence sources. Then it fused the modified
evidence data, that is, it realized the fusion of multi-sensor data. Reference [16] proposed
a multi-source sensor data fusion method based on manifold learning. T-SNE algorithm
was adopted to reduce the dimension of high-dimensional multi-source sensor data, and
the low-dimensional probability matrix was updated to generate a reasonable exclusion
gradient between the points with small distance from the multi-source sensor data and
completed the data fusion. Reference [17] proposed a multi-sensor data fusion method
based on data correlation. MDF technology was used to identify hidden association fea-
tures in group data, and the fusion of multi-sensor data was completed through the fusion
of association features. Reference [18] proposed a multi-sensor data fusion method for
UAV detection and tracking to measure the reliability of the data set. According to the re-
liability results, the Gaussian process model was constructed to complete the multi-sensor
data fusion. However, the above methods have low efficiency in the process of fusion.

The multi-modal data fusion methods can be roughly divided into two categories:
model-independent fusion methods and model-based fusion methods. Among them, the
model independent method is simpler but less practical, and the fusion process is easy
to produce losses. Model-based fusion method is more complex, but it has high accuracy
and practicability, and is also the mainstream method used at present [19].

In the process of multimodal fusion, the time of fusion is an important consideration.
According to different fusion periods or fusion levels, there are three model-independent
fusion methods, each of which has its own characteristics [20]. In different experiments,
different fusion methods can be tried to get better results. Some of the characteristics of
the modes, such as the different data acquisition rates, present new challenges on how to
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synchronize the entire fusion process. The following is a detailed overview of the three
fusion methods. Table 1 compares the three data fusion methods.

Table 1. Performance comparison of three model-independent fusion methods

Method Information loss Fusion difficulty Fault tolerance Fusion level Fusion stage

Early fusion Middle Hard Poor Low After feature extraction
Post fusion Big Middle Middle Middle Post-decision
Hybrid fusion Small Easy Good High Simultaneously

Early fusion, also known as feature fusion, is a fusion method that is carried out im-
mediately after the feature extraction of the modes. The advantage of feature fusion is that
the correlation between multiple features from different modes can be exploited early on,
and is suitable for situations where the modes are highly correlated. For example, early
fusion is used when combining audio and video features of speech recognition. However,
it is difficult to extract features, so it is not the most ideal fusion method.

This method is difficult to represent the time synchronization cabinet between multi-
modal features. Since the representation, distribution, and density of various modes may
vary, simple connections between properties may ignore the properties and correlations
unique to each mode, and may create redundancy and data dependencies between the data.
Features that need to be fused are also required to be represented in the same format before
fusion. As the number of features increases, it is difficult to obtain cross-correlations
between these features. Figure 1 shows an early fusion approach.

Fig. 1. Early fusion process

Late fusion, also known as decision-level fusion, refers to the fusion that occurs after
a decision (classification or regression) has been made for each mode. For post-fusion,
it is necessary to use corresponding models to train different modes, and then fuse the
output results of these models. Compared with the earlier fusion cooperation, this fusion
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approach can handle simple data asynchronism. Another advantage is that it allows the
use of methods that are best suited to analyzing each single mode, such as Hidden Markov
Model (HMM) for audio and Support Vector Machines (SVM) for images.

However, the late fusion ignores the low-level interaction between multiple modes,
and the fusion is difficult. Since different classifiers require different decisions, the learn-
ing process becomes both time-consuming and laborious. Figure 2 shows the structure of
the late fusion method.

Fig. 2. Post fusion process

References [21,22] adopted fuzzy set, neural network, evidence theory and FIM al-
gorithms for data fusion respectively, which did not consider the characteristics of sensor
nodes and assumed that the collected data was correct. They did not judge the credibility
of the source of the data, so the accuracy of the data was not guaranteed. Reference [23]
proposed a fusion algorithm based on variable weights (VWFFA), which considered some
influential factors in the communication process to weight the data. An improved fuzzy
fusion algorithm was proposed in reference [24], which was weighted by considering the
influence of external conditions on the calculation reliability. Both reduce redundancy and
improve the accuracy of data, but they lack pertinence for different fusion stages, and the
accuracy and real-time performance of data need to be further improved.

In order to improve the quality of industrial big data classification and fusion, this
study proposes a new data fusion method from the perspective of deep learning.

2. Related Works

Model-based data fusion methods have a wider application range and better effect than
model-independent methods, and current research is more inclined to such methods. Com-
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mon methods include multi-core learning method, image model method and neural net-
work method.

2.1. Multi-Kernel Learning (MKL)

The Multi-Kernel Learning (MKL) method is an extension of the kernel support vector
machine (SVM) method and is the most commonly used method before deep learning,
which allows different views of the data to be checked using different methods [25]. Be-
cause kernel can be regarded as similar function between data points, this method can
better fuse heterogeneous data and use flexibly. Mirbeygi et al. [26] used MKL to sort
the similarity of music artists from three aspects: acoustics, semantics and artists’ social
view, and proposed a new multi-core learning (MKL) algorithm, which could learn sim-
ilar spatial items to generate similar spaces and combine all feature spaces into a unified
embedded space in an optimal way. Figure 3 is the process of MKL.

Fig. 3. Multi-kernel learning process

In some applications, there may be different information sources from different modes
or results corresponding to different experimental methods, and each information source
has one or more kernel questions of its own. The advantages of this method are flexible
kernel selection, convex loss function (minimum value is the minimum value), and global
optimal solution can be used to train the model and improve the model performance.
Better MKL algorithms can be designed to improve accuracy, reduce complexity and
training time.

Because in many applications, people propose many possible kernel functions, not
choosing one of them but using them together, there is a lot of work in multi-kernel learn-
ing methods. The high time and space complexity is the main reason that the multi-core
learning method can not be widely used. Another disadvantage is the large memory foot-
print and a slight dependence on training data.

2.2. Image Model Method

Image model method is also a common fusion method, which mainly fuses shallow or
deep graphics through image segmentation, splicing and prediction operations, so as to
obtain the final fusion result1.
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Common image models are divided into generative (joint probability) models and dis-
criminative (conditional probability) models. The use of image models in many studies,
especially in statistical natural language processing, focuses on generative models that
attempt to model the joint probability distribution of inputs and outputs.” In the early
days, generative models were mainly used, such as dynamic Bayesian Networks (Dy-
namicBayesian Networks) and hidden Markov models. In later studies, discriminative
models were more popular, simpler and easier to learn than generative models. Common
discrimination models, such as Conditional Random Field (CRF), classify and label the
components of the image2. Table 2 compares the generative model with the discriminant
model [27,28].

The main advantage of image models is that they are easy to explore the spatial and
temporal structure of the data, and the interpretability of the model is enhanced by em-
bedding expert knowledge into the model. The disadvantage is that there are complex
dependencies between features, and the generalization of the model is not strong.

Table 2. Comparison of generation model and discrimination model

Comparison item Generative model Discrimination model

Characteristic Finding the optimal classification surface between different categories A posteriori probability modeling
Distinction Model the joint distribution Model the conditional distribution
Sample size more Less than the generative model
Accuracy rate Low Higher than the generation model

2.3. Neural Network Method

Neural network method is one of the most widely used methods at present. Long Short-
Term Memory (LSTM) and Recurrent Neural networks (RNNS) are often used to fuse
multi-modal information. For example, bidirectional long short-term memory network is
used for multi-modal emotion recognition; multimodal Recurrent Neural Networks (m-
RNN) are used to directly take the image representation, word vector and implicit vector
as the input of multimodal judgment, which shows a good effect in image subtitle pro-
cessing and other tasks [29].

Some researchers have achieved better results through model patchwork than multi-
core learning and image models. The application of neural network method in multi-
mode fusion has strong learning ability and good expansibility. The drawback is that as
the number of modes increases, deep learning becomes less interpretable and needs to
rely on large amounts of training data. Table 3 compares the three model-based fusion
approaches.

Table 3. Performance comparison of three model-independent fusion methods

Method workload Model interpretability Feature dependence Applications

MKL big weak simple EasyMKL
Image-based small strong Complex Multimodal data classification
NNM big weak simple Multi-modal emotion recognition
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Neural network structure optimization based on Genetic algorithm (GA) is one of the
earliest meta-heuristic search algorithms for neural network structure search and opti-
mization. In the early 2000s, an algorithm called Neural Evolution of Augmented Topol-
ogy (NEIT), which also uses GAs to evolve increasingly complex neural network struc-
tures, received a lot of attention. Shinozaki et al. P applied GAs and covariance matrix
evolution strategies to optimize the structure of DNN and parameterized the structure of
DNN to a simple binary vector based on directed acyclic graph representation. Since the
GA search space can be very large and each model in the search space is expensive to
evaluate, parallel searches using large GPU clusters speed up the process. These neural
network structure search and optimization techniques can be easily extended to multi-
modal settings if a suitable representation of the network architecture is designed and it is
not very expensive to train and test multiple architectures during the search process.

3. Q-learning Algorithm

The basic idea of reinforcement learning is to maximize the cumulative reward value ob-
tained by the Agent from the environment in order to learn the optimal strategy to achieve
the goal [30]. Reinforcement learning is a self-supervised learning method, which is dif-
ferent from supervised and unsupervised learning [31]. It does not require any data to be
given in advance, but obtains learning information and updates model parameters by re-
ceiving environment’s reward for action. The most important idea of reinforcement learn-
ing is continuous interaction with the environment, whose interaction elements include
state, behavior and reward [32]. The process of reinforcement learning is shown in Figure
4. At time t, the Agent accepts the reward value R given by the environment and the state
s at the next moment. At time t+1, the agent responds to the environment with an action
a.

Fig. 4. Basic model of reinforcement learning

Reinforcement learning is divided into two types: model-based reinforcement learning
and model-free reinforcement learning. In this paper, Q-learning algorithm in model-free
reinforcement learning is selected to solve the problem and establish the algorithm model
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[33]. In Q-learning algorithm, the environment will make the corresponding reward value
R according to the action feedback of the Agent. The algorithm combines state s and
action a together to construct Q-table and store the Q value of each update. It selects the
action that can get the maximum reward according to the Q-table. After each action is
selected, Q-table is updated. The Q-table update rules are as follows:

Q(s, a)← Q(s, a) + α[R+ γmaxQ(s′, a′)−Q(s, a)]. (1)

Where s represents the current state. a represents the action selected from the current
state. s′ is the next state. a′ represents the action selected from the next state. α represents
the learning rate of control convergence (0 < α < 1). γ represents the discount factor
(0 ≤ γ < 1), γ = 0 indicates immediate reward, and γ = 1 indicates future reward).

Where α stands for learning rate. If the learning rate is higher, the previous learning
results will be retained less, and the Agent will more prefer the present and future results.
As a discount factor, if γ → 0, the Agent tends to choose the immediate reward; if γ → 1,
it means that the Agent is more far-sighted and tends to consider the influence of the
subsequent reward. Algorithm 1 shows the update steps of Q-learning algorithm.

Algorithm 1 Power method
Input: Parameters;
Output: State;

1: Initialize Q(s, a), s ∈ S, a ∈ A;
2: for each episode
3: Initialize current-s
4: while not finished (all states) do
5: At a certain time t, an optional action a is selected according to the current state s through

the greedy dream strategy;
6: Perform action a to obtain the state s′ at time t+ 1 and the reward R.
7: Update Q-table;
8: Compute formula (1);
9: Record next state s′ and convert it to the current state;

10: end while

Q-learning algorithm selects actions in two ways. One is exploration, which randomly
explores an action and a state to transform; The other is utilization, for all the actions that
may be selected to search for the next state, generate the maximum reward value and the
action corresponding to the next state value.

4. Data Fusion Strategy

In this paper, the deep learning algorithm is used to design a hierarchical automatic di-
mension reduction classifier to process low-dimensional data from multi-source sensors
and obtain ideal feature extraction results [34]. The specific implementation process is
detailed as follows. Data dimension reduction is the process of mapping data from high-
dimensional feature space to low-dimensional feature space, which can avoid the interfer-
ence of chaotic and invalid data and improve the quality and efficiency of computation.
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The designed automatic dimension reduction classifier (ADRS) is a single hidden layer
structure. The ADRS structure is shown in Figure 5.

Fig. 5. ADRS structure. (a) k=1, (b) k=2

The input layer refers to the data input into the neural network. The input data must
be numeric, meaning that non-numeric content needs to be converted to numeric value.
Typically, data processing is the most time-consuming part of creating a machine learning
model.

The hidden layer is composed of most of the neurons in the neural network and is the
core part that processes the data to obtain the desired output. The data will pass through
the hidden layer and undergo many weight and bias adjustments.

The output layer is the end product of processing data in a neural network and can
represent different things. Typically, the output layer is made up of neurons, each repre-
senting an object.

The objective of ADRS dimension reduction classifier is to find the optimal fusion pa-
rameters in the sensor nodes (W, b). Fusion parameters determine the performance of data
fusion. Selecting the optimal fusion parameters can improve the data fusion capability.

The global optimal solution of multi-source sensor network was found to optimize the
initial weights and thresholds of the classification process. The essence of deep learning
training is to update the weight. Before training a new model, it is necessary that each
parameter has a corresponding initial weight. The selection of initial weight has certain
influence on the placement of local minimum points and the improvement of network
convergence speed. A neuron is a nonlinear unit with multiple inputs and single outputs.
Only when the sum of inputs exceeds a certain value can the output respond, which is
generally called the threshold value.

The input sensor node information x can achieve dimension reduction under the action
of the output result y, so as to obtain the output result a(k,2) of the hidden layer. And
a(k,2) is regarded as the characteristic result obtained after dimensionality reduction of
input items for classification.

In the calculation process, to ensure the sparse robustness of features of a(k,2), three
constraint functions should be used to achieve this, as shown in Equation (2):

minL(W, bargW,b) =
1

m

m∑
i=1

[xi, yi]+
λ

2

nl−1∑
l=1

sl∑
i=1

sl+1∑
j=1

[W
(k,l)
ji ]2+β

S2∑
j=1

KL(ρ/ρ̄j). (2)
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Where L(W, b) represents the node energy loss function. ρ, λ and β represent the
weight coefficient value of the classifier. KL represents constant constraint term in spar-
sity condition, KL = 0.5||y(i)−x(i)||2. x(i) and y(i) represent constraint constant of input
layer and output layer respectively. m indicates the number of samples in the ADRS. nl

indicates the number of network layers of the sensor. sl represents the number of units
contained in layer l. W (k,l)

ji represents the weight of connection between layer l and unit
j in layer l + 1 in the k − th ADRS network. W (k,l) represents cell bias at each level in
the sensor network.

In order to minimize the value of loss function, parameters in sensor network are
trained by gradient descent algorithm to achieve dimension reduction. The specific im-
plementation process is detailed as follows:

– Step 1. For all layers l− l, the element bias variable parameter satisfies ∆W (k,l) = 0,
∆b(k,l) = 0.

– Step 2. Set i ∈ [1,m]. The calculation formula is as follows:

∆W (k,l) = ∆W (k,l) +∇W (k,l)δ(k,l+1)(α(k,l))T . (3)

∆b(k,l) = ∆b(k,l) +∇b(k,l)δ(k,l+1). (4)

Where α(k,l) represents the loss parameter of unit n in layer l. δ(k,l+1) represents the
residual of element n in layer l + 1. T stands for loss constraint.

– Step 3. Update the parameter values in ADRS.

W (k,l) = W (k,l) − a[
1

m
∆W (k,l)] + λW (k,l). (5)

b(k,l) = b(k,l) − a[
1

m
∆b(k,l)]. (6)

– Step 4. Return to step 2, loop calculation, until meet preset conditions, then output
(W (k,1), b(k,1), W (k,2), b(k,2)).

After the above dimension reduction, the classifier is designed. Cascade automatic
classifier ADRS is obtained by several dimension reduction processors through the cas-
caded action. ADRS has an obvious advantage that the output result of the input item can
only be obtained after several dimensional reduction processing, eliminating most redun-
dant information. The parameter values of each layer in ADRS can be calculated by the
greedy floor algorithm, even if the output results of the upper layer are used as the input
items of the next layer. The specific implementation process is as follows.

Set the number of hidden layers in ADRS to Nk. After the input data x is processed
by the greedy algorithm, the parameters and output result a(1,2) are obtained, as shown in
Figure 5(a). Then a(1,2) is taken as the input item, and the output result a(2,2) is obtained
after the next round of greedy algorithm [35]. The process is shown in Figure 5(b).

Repeat training process. For the ADRS with Nk layers, after a greedy training, pa-
rameter set (W (k,1), b(k,1))|k = 1, · · · , Nk is obtained. (W (k,1), b(k,1)) is regarded as the
connection weight value between ADRS levels. The multi-source sensor coding classifier
is shown in Figure 6.
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Fig. 6. Multi-source sensor feature classification model

The result of feature extraction plays a decisive role in the accuracy of subsequent
data fusion and is the key to the successful completion of data fusion. Therefore, ADRS
and Softmax classifier are combined to realize feature classification through cascading.
The implementation process is as follows:

– Step 1. By training industrial big data samples to get parameter (W (k,1), b(k,1))|k = 1, · · · , Nk.
– Step 2. Through Q-learning processing of sample features, the best data features are

obtained.
– Step 3. After training, data features are obtained. After supervised training and the

function of Softmax classifier, output parameters (Wc, θc) are obtained.
– Step 4. Consider the parameters obtained in steps 2 and 3 as the original data. In the

ADRS model, the supervised training algorithm is used to adjust the original data.
Then, the adjusted sensor network and Softmax classifier [36] are used as the extrac-
tion module and classification module in the feature extraction model to complete the
feature extraction and classification of multi-source sensor data.

In the process of solving problems, Q-learning algorithm generally uses the greedy
strategy to make selection. This strategy selects the corresponding action with the max-
imum reward value in each selection, which is called greedy. However, it does not take
the global consideration into account. In the initialization process, the Q value is set as
the equal value or random value, that is, the learning is carried out in the environment
without prior knowledge. At the same time, the learning rate is generally not dynamically
adjusted after initialization, and the learning process is characterized by large decision-
making space, slow learning speed and uncertain learning effect [37]. As a result, the
result is easy to fall into local optimal and the optimal solution cannot be found. In this
paper, Q-learning algorithm is improved, and a ”Sigmoid ”function is introduced as a dy-
namic selection strategy, so that the improved Q-learning algorithm can randomly select
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actions in the early stage and dynamically select the optimal actions in the late stage. This
improved method can improve the phenomenon that the greedy strategy falls into the lo-
cal optimal in the early stage and may choose the sub-optimal action in the late stage of
learning.

This paper introduces ”Sigmoid” as an action selection strategy, and its expression is
as follows:

P (st, a) =
exp(Q(st, a))

1 + exp(Q(st, a))
. (7)

According to Equation (7), when Q value of the initial state is set to 0, each action has
the same selection probability and is more random in the early stage of selection. When
the learning reaches a certain level, the reward value of each action starts to stand out, and
the probability P changes with the update of Q value. The system will gradually tend to
choose the action with high reward value.

In this paper, three kinds of selection strategies are discussed, which are ”completely
random” strategy, ”semi-random” strategy and greedy strategy. We introduce parameter
B and have the following options.

1. When B = 0, then P > B. Implement the greedy dream strategy.
2. When B = 1, then P < B. Implement the ”completely random” strategy, that is, the

actions are randomly selected throughout the selection process.
3. When B ∈ (0, 1). Implement the ”semi-random” strategy, that is, a ”Sigmoid ”func-

tion is introduced as a dynamic selection strategy. When P ≥ B, the algorithm carries
out the exploration strategy and selects the action with the maximum current reward
value. When P < B, the algorithm adopts a ”completely random” strategy and se-
lects actions at random.

4. Combined with the improvement objectives of this paper, the strategy selection when
B ∈ (0, 1) is implemented, and B = 0.5 is set through a large number of experiments.

5. Experiments and Analysis

Matlab platform is used to simulate and analyze the data fusion algorithm, and the facility
industry monitoring system is taken as the application scenario. In order to highlight the
performance of the proposed data fusion, STDF [38], CCA [39] and FKCI [40] are used
for comparative analysis.

The simulation parameters are shown in Table 4, where the number of nodes and the
network scope refer to the random distribution of 100 sensor nodes in the perception area
within the range of 100m×100m. In order to compare the efficiency of various data fusion
algorithms, the un-optimized LEACH protocol is adopted, and the energy consumption
of sending, receiving and fusion data of nodes is calculated according to the first type of
wireless communication energy consumption model.

The classification error rate of feature extraction with each algorithm is shown in Ta-
ble 5. Where n, d and c represent the network layer number, the dimension of input data
and the number of data classification respectively. As can be seen from Table 5, for low-
dimensional and low-category data, the classification error rate of proposed method is
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Table 4. Experiments parameters

Parameter Value Parameter Value

Network range 100m× 100m Packet length 2000bit
Note number 100 Cluster message length 100bit
Sink node coordinate (50,50) Packet head length 100bit
Initial node energy 0.5J Maximum simulation number 2000
Convolution kernel size 3× 3 Convolution step 1

basically the same as that of STDF and CCA. With the increase of the input data dimen-
sion, the number of parameters of CCA and FKCI increases sharply, and the performance
begins to decline, resulting in a significant increase in the error rate. In contrast, the error
rate of proposed method based on the depth model is always at a low level.

Table 5. Inaccuracy of feature extraction and classification with different algorithms%

Method d=200, c=4 d=600, c=6 d=900, c=12 d=2500, c=12

STDF(n=4) 8.4 16.7 19.6 28.1
STDF(n=5) 8.1 14.2 16.2 25.9
CCA 7.8 13.7 15.9 24.6
FKCI 7.1 12.5 13.4 20.2
Proposed 6.4 8.2 8.9 10.5

The average time of feature extraction and classification process of each algorithm
is shown in Table 6. The analysis shows that Proposed has higher execution efficiency
and can achieve faster data fusion compared with STDF, CCA and FKCI. Based on the
powerful dimension reduction ability of CNN, as the dimension of input data increases,
Compared with the other two algorithms, the feature extraction time of Proposed is greatly
shortened, showing the advantages of processing high-dimensional data.

Table 6. Average time of feature extraction and classification with different algorithms/ms

Method d=200, c=4 d=600, c=6 d=900, c=12 d=2500, c=12

STDF(n=4) 4.71 7.59 9.12 38.37
STDF(n=5) 5.49 8.04 9.58 40.96
CCA 5.22 7.54 8.69 36.54
FKCI 4.27 6.93 8.44 32.82
Proposed 3.18 3.26 3.71 9.50

This paper considers the effect of different number of nodes on the performance of
wireless sensor networks in the 200m × 200m region. Assuming that the flow rate is
20 packets/s, the average accuracy rate (AAR), average delay time (ADT) and average
energy consumption (AEC) of the data within 10s are calculated and normalized, and the
result is shown in Figure 7 and table 7.
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Fig. 7. Effect of node number on algorithm performance

Table 7. Effect of node number on algorithm performance

Node number AAR ADT AEC

50 0.18 0.16 0.02
100 0.21 0.16 0.15
150 0.2 0.18 0.19
200 0.19 0.21 0.25
250 0.19 0.24 0.28
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In a fixed area, AAR, ADT and AEC increase with the increase of nodes. When the
number of nodes is increased from 100 to 150, the increase rate of data accuracy de-
creases, while the time delay and energy consumption increase significantly. Therefore,
this paper selects 100 nodes as reference values for subsequent experiments.

MTS420/400 is used as the sensor plate model, the sensor plate includes humidity,
temperature, PH, carbon dioxide concentration, smoke concentration and light sensor as
a communication component, and the random high-frequency noise signal is added to the
sensor to simulate the effect of the actual sensor noise. The parameters of the MTS420/400
are shown in Table 8.

Table 8. Effect of node number on algorithm performance

Parameter MTS420/400

Temperature range/(◦C) -3941.3
Humidity range 0100
Signal-to-noise ratio/dB 01

This paper compares these four algorithms by counting the accuracy rate of receiving
data from base station. Figure 8 shows the relationship between the accuracy rate of re-
ceiving data and the communication time of the base station. As can be seen from figure
8 and table 9, when FKCI, CCA, STDF and proposed method (node=25) are adopted for
data fusion, the AAR values are 83.5%, 79.2%, 68.8% and 88.7%, respectively. Both the
STDF and proposed method exclude unreliable data, while the CCA algorithm does not
distinguish whether the data is correct or not, and all the data are weighted and fused,
among which some incorrect data have high weights, affecting the overall accuracy rate.
The algorithm in this paper considers not only the amount of data and time delay, but
also the reliability of the data. High reliability will increase the weight value. Therefore,
compared with the other three algorithms, the data accuracy of the proposed algorithm is
increased by 5.2%, 9.5% and 19.9%, respectively.

Table 9. AAR/%

Node Proposed FKCI CCA STDF

5 85.1 80.2 79.5 76.4
10 86.7 79.3 77.5 72.5
15 88.6 81.4 76.4 71.9
20 89.4 81.7 76.9 72.3
25 88.7 83.5 79.2 68.8

In this section, the average end-to-end delay of data is used to measure the real-time
performance of data. The shorter the delay, the better the real-time performance. In the
simulation, data is set to eventually arrive at the base station. In this algorithm, there are
three kinds of data with priorities ranging from 0 to 2, and each hop delay is required to
be lower than 200ms, 400ms and 600ms respectively. Other algorithms do not consider
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Fig. 8. The relationship between the accuracy rate of BS receiving data and the commu-
nication time

priorities. Figure 9 shows the relationship between data average end-to-end latency and
traffic.

The wireless communication model [41,42] adopted in this paper is shown in equa-
tions (10-12).

ETx(l, d) = lEelec + lθfsd
2, d < d0. (8)

ETx(l, d) = lEelec + lθampd
4, d ≥ d0. (9)

ERx(l, d) = lEelec. (10)

Where Eelec represents the energy consumption of the transmitter running the trans-
mitter or receiver, θamp represents the energy consumption of the signal amplifier, and
d0 is the threshold of free space energy attenuation. Through network simulation calcu-
lation, the relationship between the average energy consumption of nodes in the network
and the communication time is obtained, as shown in Figure 10. As can be seen from
Figure 10 and table 10, the average energy consumed by nodes gradually increases with
the communication time. STDF algorithm uploads data directly, which results in a large
number of data packets and consumes a lot of energy. Compared with STDF algorithm,
CCA algorithm adopts fuzzy weighting method for data fusion, which reduces the amount
of data and energy consumption. However, it does not distinguish whether the data is cor-
rect or not, and all the fusion processing, at the cost of data accuracy in exchange for
less energy consumption. The algorithm in this paper removes part of the wrong data, and
then merges and uploads, saving energy. FKCI algorithm in the initial phase out some
of the inaccurate data, and within the cluster, the cluster between the fusion respectively,
reduces the amount of data. In terms of energy consumption, compared with FKCI, STDF
and CCA, the proposed algorithm is reduced by 21%, 9% and 4% respectively.
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Fig. 9. Relationship between ADT and traffic

Fig. 10. Comparison of energy consumption

Table 10. Comparison of energy consumption

Time Proposed FKCI CCA STDF

2 0.15 0.21 0.25 0.28
4 0.36 0.42 0.44 0.57
6 0.48 0.56 0.63 0.71
8 0.59 0.67 0.72 0.77
10 0.69 0.74 0.81 0.86
12 0.78 0.82 0.87 0.99
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6. Conclusion

Based on the characteristics of large amount and high complexity of data collected by
industrial multi-source sensors, in order to meet the actual demand, the deep learning
autoencoder theory and Q-learning are used to conduct in-depth research on the multi-
source sensor data fusion method. The performance of the fusion method is studied from
both theoretical and experimental aspects. The method can accurately extract and classify
data features, reduce the energy consumption of data fusion, and greatly improve the
quality of multi-source sensor data fusion. Therefore, the proposed method has obvious
advantages and can provide a new reference idea for the development of multi-source
sensor data fusion technology.
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Abstract. The traditional ant colony optimization (ACO) is easy to fall into local
optimal when solving large-scale traveling salesman problem (TSP), and the con-
vergence speed is slow. In order to enhance the local search ability of ACO, speed
up the efficiency of ACO and avoid the premature problem, this paper proposes a
novel remora optimization algorithm-based adaptive fusion via ant colony optimiza-
tion for solving TSP. Firstly, an improved K-means clustering method is used to
obtain the best clustering results and the optimal solutions of each class quickly by
adaptive clustering strategy based on the maximum and minimum distance and class
density. By using an improved Remora optimization algorithm, adjacent classes are
fused to effectively improve the accuracy of the initial solution. In addition, the ini-
tial solution is optimized by the k-opt strategy. Finally, the random recombination
strategy is used to recombine the pheromone and random excitation to make the al-
gorithm jump out of the local optimal as far as possible and improve the accuracy of
the algorithm. The experimental results show that the proposed algorithm not only
guarantees the accuracy of solution, but also improves the stability when solving
large-scale TSP.

Keywords: TSP, ACO, Remora optimization algorithm, K-means clustering, Adap-
tive fusion.

1. Introduction

The travelling salesman problem (TSP) is a classic problem in the field of combinatorial
optimization. It can be described as a businessman who starts from any city, visits every
city without repetition or omission, and finally returns to the starting place. Its goal is
to find a shortest path that includes all cities [1]. TSP problem is a NP problem, which
has important reference value in the fields of vehicle routing, network routing and shop
scheduling etc. Traditional methods such as linear programming, dynamic programming,
branch and bound and k-opt have been proposed by many scholars. These methods can
obtain better solutions for small-scale TSP problems. With the gradual increase of data
scale, the above methods are easy to fall into local optimal solution when solving medium-
and large-scale TSP problems, and the time complexity increases greatly. For the medium
and large scale TSP problem, swarm intelligence algorithms such as ant colony optimiza-
tion algorithm (ACO) [2], particle swarm optimization algorithm (PSO) [3], simulated
annealing algorithm (SA)[4] and genetic algorithm (GA) [5] can obtain acceptable solu-
tions within an expected time range, so more scholars pay attention to them.
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For a classical TSP problem, if the brute force solution is used, the time complexity
is O(n!). However, with the continuous development of TSP problems, the required time
will increase geometrically when the scale is larger. Even if the improved traditional al-
gorithm is used to solve large-scale problems, it still needs a very large time cost and low
efficiency. Therefore, in recent years, many scholars have improved ant colony algorithm
in combination with other algorithms [5,6].

Reference [7] proposed the combination of PSO and ACO, using PSO to improve
the parameters of ACO, and set up an evaluation function to guide it to converge in the
direction of high index. This algorithm was beneficial to improve the accuracy of the
algorithm, but the running speed was slow. Starting from genetic algorithm, Reference
[8] made use of the global search ability of genetic algorithm and the fast convergence of
ant colony algorithm to plan the path in a short time. However, its scale was small and
the accuracy of the algorithm needed to be further improved. When selecting correction
points, reference [9] combined greedy strategy with ant colony algorithm, and then used
algorithm A∗ to search out a solution as the initial solution of ant colony algorithm, and
modified the updating mode of pheromone to further improve the accuracy. However, the
iteration times were too few and the accuracy was not improved enough, resulting in the
ant colony algorithm ending the iteration without sufficient optimization.

Recently, Sharma et al. [10] proposed an improved discrete butterfly optimization
algorithm. Greedy strategy was used to initialize the population. 2-opt method, 4-opt
method and simulated annealing method were combined to improve the optimization
ability of the algorithm. However, the introduction of two-bridge experiment made the
time complexity of the algorithm very high. Panwar et al. [11] introduced Hamming dis-
tance into grey wolf optimizer (GWO) to make it suitable for combinatorial optimization
problems, and used 2-opt method to enhance local optimization ability. In the discrete
cuckoo search algorithm, Xu et al. [12] used k-means algorithm to divide medium- and
large-scale TSP problems into multiple small-scale TSP problems, so as to accelerate the
operation efficiency of medium- and large-scale TSP problems. However, due to the lack
of interaction ability between cities of different sizes, the final solution effect was poor.
Wu et al. [13] proposed a discrete sparrow search algorithm (DSSA), which improved the
ability of the algorithm to leap out of the local optimal solution by utilizing the division
of labor mechanism of sparrow and the exploration and development capability of the
global disturbance strategy balance algorithm. At the same time, the 2-opt method was
used to enhance the local search ability, and the results were better than the discrete gray
Wolf algorithm. k-opt method or its deformation methods are effectively used in the above
algorithms.

Some scholars combined new technology to improve ant colony algorithm. Reference
[14] combined K-means algorithm and ant colony algorithm to optimize TSP problem.
By clustering, the problem was decomposed into several sub-problems, which were then
connected to obtain solutions, so that the algorithm had better performance in dealing with
large-scale problems. However, because K-means itself needed to determine the value of
K, and only the accuracy of the fusion subclass solution depended on the problem itself,
the algorithm depended on the type of TSP problem, the application range was small, and
the accuracy was insufficient. Reference [15] used the least variance method to cluster
cities, and proposed a new city connection method, and then used the circular search
method to connect subclass solutions to obtain the final solution. This algorithm had a
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good solution for small and medium-sized TSP problems. However, none of the above
algorithms can dynamically determine the number of clusters, and the algorithm needs to
be further improved when solving large-scale TSP problems.

In this paper, a novel remora optimization algorithm-based adaptive fusion via ant
colony optimization for solving TSP is proposed. By using the characteristics of cluster-
ing, a large-scale TSP problem is decomposed into several sub-problems, and the subclass
solutions are fused according to the fusion strategy of ant colony algorithm and Remora
algorithm. Finally, k-opt strategy is used to further optimize the solution to obtain a higher
precision solution. This algorithm can guarantee the accuracy of the solution and reduce
the running time of the algorithm.

2. Related Works

2.1. TSP

The traveling salesman problem can be expressed as an undirected graph G = (S,E).
Where S = 1, 2, · · · , N represents the set of vertices. E is the edge set, edge eij ∈ (i, j ∈
S, i ̸= j). Let cij be the distance of eij and the decision variable be:

y(x) = {1 eijincurrentsolution0 otherwise (1)

The optimization objectives of this problem are as follows:

min

N∑
i=1

N∑
j=1

xijcij . (2)

s.t.
∑
j ̸=i

xij =
∑
i ̸=j

xji = 1, i ∈ S. (3)

∑
j ̸=i

xij ≤ |V | − 1, V ⊂ S. (4)

Where |V | represents the number of vertices in the set S. The first constraint means
that each vertex is connected to only two edges, and the second constraint means that
no sub-loop is generated. Equation (2) is the target of optimization in this paper. This
problem is a typical combinatorial optimization problem, and no definite algorithm can
find the global optimal solution in the polynomial time range.

2.2. ACO for Solving TSP

TSP is a classical combinatorial optimization problem. Combinatorial optimization is to
organize, group and sort some discrete events according to mathematical methods. The
specific content of the traveling salesman problem is as follows: Suppose a traveling busi-
nessman needs to sell goods, he needs to visit all the cities and finally return to the origin,
on the premise that these cities can only be visited once, and he needs to find the shortest
visit path and its order. When the number of cities to be planned is larger, the time com-
plexity and spatial complexity of the solution will rise and increase exponentially. With
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the increasing complexity of the problem, it is no longer effective to use the traditional
method of solving [16,17].

Nowadays, the mainstream algorithms for solving TSP generally fall into two cate-
gories: precise algorithms and heuristic algorithms. The former is suitable for small scale
TCP, while the latter is suitable for medium and large scale TSP. The precise algorithms
mainly include delimiting method and planning method. Heuristic algorithms include Ge-
netic Algorithm (GA), Simulated Annealing algorithm (SA), Particle Swarm Optimiza-
tion (PSO), Ant Colony Optimization (ACO), etc. Among them, ACO provides a new
way to solve the TCP by using the inspiration of biology due to its evolutionary thought.

In the classical ant colony algorithm, the initial N ants are randomly placed in the
initial city. The ants need to move on to the next city according to a certain probability.
The ants decide on the next city according to the state transition probability rule (5).

P k
ij(t) =

[τij(t)
α][ηij ]

β∑
k[τij(t)

α][ηij ]β
. (5)

Where, τij is the pheromone value of the city and connection path in the process of
t iteration. ηij is the reciprocal value of the length of the connecting path between city
i and j, and is a heuristic information. If the path length between city i and j is shorter,
then the next city chosen by ants is more likely to be j. Allowedk represents the city
that ant k ∈ Allowedk has not visited. α and β determine the importance of pheromones
and heuristics, respectively. When all ants have completed a complete path construction,
that is, an iteration is completed, the pheromone update will be carried out according to
formulas (6) and (7).

τij(t+ 1) = (1− ρ)τij(t) +

m∑
k=1

∆τkij(t). (6)

∆τkij = {1/Lk(t) if ant passes path (i, j)0 otherwise (7)

Where ρ represents pheromone volatilization parameter. m is the total number of ants
in each iteration, represents the pheromone value released by ant k on the path (i, j),
and it is the travel path length of ant k. By setting the maximum number of iterations,
the running of the algorithm ends when the number of iterations reaches the maximum
value, and the optimal solution of the algorithm is obtained. If stagnation occurs during
iteration, the process is initialized to get rid of stagnation and continue iteration until the
set iteration upper bound is reached.

2.3. K-means Clustering Algorithm

K-means clustering algorithm is a widely used clustering algorithm, and it is also one of
the most basic clustering algorithms [18]. The basic flow is as follows:

1. First, we need to determine the value of k, where k represents the number of classes
to be clustered.

2. k data points are randomly selected from the data set as the center of mass.
3. For each point in the data, the distance between it and each centroid is calculated, k

distances are obtained, the centroid of the smallest distance is selected, and the point
is divided into this class.
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4. After traversing all points, the center of mass of each class is recalculated and com-
pared with the existing center of mass.

5. If the distance between the newly calculated centroid and the existing centroid is
less than a certain set threshold, it means that the centroid tends to be stable. Without
repeating the above steps, we can consider that the clustering has reached the expected
result and the algorithm terminates. If not, it needs to iterate step 3 to step 5 until the
center of mass meets the above conditions.

2.4. Max-min Distance Strategy

Max-min distance strategy is a common strategy for optimizing K-means clustering algo-
rithm. The basic idea is to limit the distance between classes by setting thresholds, so as
to achieve the purpose of solving different clustering problems without setting k value.

The basic steps are as follows:

1. Randomly select a point from the data as the initial clustering centroid zl.
2. The sample point z2 farthest from the first cluster centroid is selected as the second

cluster centroid.
3. Calculate the distance between the remaining sample points and zl and z2, and find

the minimum value between the two values, that is:

dij = ||xi − zj ||, j = 1, 2. (8)

di = min[dij ], i = 1, 2, · · · , N. (9)

4. If

dl = max
i

[min[di1, di2]] > θ∗||zl − z2||. (10)

5. Assuming that there are k clustering centers, it calculates the distance between the
sample point and each clustering center:

dl = max
i

[min[di1, di2, · · · , dik]] > θ∗||zl − z2||. (11)

If this is true, the fifth step is repeated until the above conditions are not met, that is,
no new clustering centers appear.

6. According to the principle of minimum distance, all sample points are divided into
each cluster center, that is, it calculates:

dij = ||xi − zj ||. (12)

3. Proposed TSP Solution Method

Aiming at the problem that the size of the traditional clustering algorithm k needs to be set
in advance and the number of clusters cannot be changed according to the situation, the
K-means clustering algorithm based on the maximum and minimum distance is chosen.
The number of classes can be changed according to the set distance size, and once the
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specified threshold is exceeded, the cluster is no longer. However, it is still necessary to
set the threshold value in advance, which cannot achieve the function of adaptive cluster-
ing. And when the number of nodes in TSP problem is too large, it is difficult to find a
balance between running time and precision by ant colony algorithm. This paper proposes
a novel remora optimization algorithm-based adaptive fusion via ant colony optimization
for solving TSP, which can effectively ensure the accuracy of the solution and improve
the convergence speed of the algorithm.

3.1. Adaptive Clustering Strategy Based on Area Density

Aiming at the problems of slow convergence and poor quality of traditional ant colony
algorithm in dealing with large-scale problems, adaptive clustering is adopted in this paper
to exploit the advantages of ant colony algorithm in dealing with small-scale problems.

Because the maximum minimum distance strategy still needs to determine the clus-
tering threshold, the concept of area density is proposed.

Using a rectangle so that all points are inside the rectangle, it determines the density
according to the formula (13):

density = A× S/count. (13)

Here, density represents the area density, S represents the rectangular area, count
represents the number of points in the TSP problem, and A represents the coefficient.

The results obtained by the area density strategy are used to replace the distance
threshold in the max-min distance K-means clustering strategy, so that the clustering strat-
egy can change the number of classes according to different types of problems and achieve
the purpose of dynamically determining k.

Considering the impact of the size of each class on the total TSP problem, a class that
is too large or too small will have a greater impact on the final result. In order to avoid the
error caused by this situation, the amount of data within the class needs to be controlled.

Considering the influence of the number of points within a class on the result, this
paper limits the number of points for each class to between 50 and 120, as shown in
Algorithm 1 for specific operations.

Specific treatment methods are as follows:

– First, the number of points for each class is calculated, if p − number > 120, the
class is pulled out to re-cluster, the distance threshold is 0.9 times the previous, and
the above process is repeated until all the class points are less than 120.

– Second, the number of points for each class is calculated here, if the number of points
p − number < 30, the class nearest the center of mass is forced to merge, if the
number of points is 30 < p − number < 50, then try to merge with nearby classes.
If the fusion result number p− number < 120, then fusion is allowed, if the number
pnumber > 120, it does not allow fusion, separates them into classes. Here, p −
number represents the number of city points in the class.

3.2. Initialization Optimization Based on ROA

ROA is a meta-heuristic optimization algorithm inspired by the parasitic feeding behavior
of Remora in the ocean. Remora does this action by attaching itself to other hosts (such
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Algorithm 1 Interclass point processing flow
Require: Input the results after the initial clustering
Ensure: Output the final clustering results

1: input data
2: if count > 120 then
3: Narrowing τ , re-clustering
4: end if
5: if count < 50 then
6: if count < 30 then
7: Fusion directly
8: else
9: if Points after fusion < 120 then

10: Perform fusion
11: else
12: Separate class
13: end if
14: end if
15: end if
16: Output result

as humpback whales or swordfish) to move, hunt, and evade predators. Similar to other
meta-heuristic algorithms, ROA is mainly divided into three stages, namely initialization,
exploration, and development.

Initialization stage At this stage, ROA generates initial populations in the search space
in a random manner. The population vector is represented by X and contains N search
agents with dimension d. The specific mathematical model is:

X =


x1,1 x1,2 · · · x1,d

x2,1 x2,2 · · · x2,d

...
... · · ·

...
xN,1 xN,2 · · · xN,d

 (14)

Where N represents population size and d represents problem dimension.

Exploration stage By attaching to a swordfish, the Remora can move long distances
within the search space, so the Remora’s movement trajectory is the same as that of a
swordfish. In addition, Remora also moves around its host in a small area to probe the
surrounding feeding environment and determine whether to change the host.

– Swordfish strategy. Swordfish is one of the fastest fish in the world. By attaching to
the swordfish, Remora mora quickly moves in the search space at a long distance. Its
position update mode is as follows:

X(t+ 1) = Xbest(t)− (r1 × (
Xbest(t) +Xrand(t)

2
)−Xrand(t)). (15)
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Where Xbest(t) represents the global optimal position. r1 indicates a random number
between 0 and 1. Xrand(t) represents random individuals in a population.

– Empirical attack. To maximize the benefits of feeding, Remora also moves around
its host in small areas, surveying the surrounding prey distribution to determine if it
needs to change hosts. Mathematically expressed as:

X(t+ 1) = X(t) + rG × (X(t)−Xpre(t)). (16)

Where rG ∈ [0, 1] represents random numbers that follow Gaussian distribution.
Xpre(t) represents the population position of the last iteration.

Development stage Remora does this process by attaching itself to a whale, so it hunts
in the same way that whales do. If the host does not change, the remora attaches itself to
the proper location and waits for the host to feed it.

– Whale strategy. At this point, the whales complete their hunting activities through the
bubble net attack strategy. In turn, the remora performs its feeding by attaching itself
to the whale. The mathematical model is as follows:

X(t+ 1) = D × ea × cos(2πα) +X(t). (17)

α = r2(a− 1) + 1. (18)

a = −(1 +
t

T
). (19)

D = |Xbest(t)−X(t)|. (20)

Where D represents the position difference between prey and predator. r2 ∈ [0, 1]
represents a random number between 0 and 1. t and T represent the current and
maximum number of iterations, respectively.

– Host feeding. When the host is not changed, Remora uses factor C to select a suitable
adsorption site for the host to feed. The mathematical model is as follows:

X(t+ 1) = X(t) +A. (21)

A = B × (X(t)− C ×Xbest(t)). (22)

B = 2× V × r3 − V. (23)

V = 2× (1− t

T
). (24)

Where C represents remora factor, and its value is 0.1. r3 represents a random num-
ber between 0 and 1. The procedure for executing the ROA algorithm is shown in
Algorithm 2.
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Algorithm 2 ROA
1: The search space, population size N , maximum number of iterations T , Remora factor C are

initialized and the initial population is generated.
2: Perform boundary revision on the search agent and calculate its fitness value.
3: If H(i) = 0, the remora attaches to the whale and uses the bubble net attack strategy to prey.

When H(i) = 1, Remora attaches to the swordfish to complete the long-distance movement.
4: Perform an empirical attack, replace if the new position produced is better than the original,

and reset the random number set H , otherwise perform host feeding.
5: Determine whether the program meets the termination condition, if so, jump out of the loop

and output the current best solution, otherwise return to step 2.

Adaptive weight factor improvement The exploration stage of ROA mainly relies on
attachment to swordfish, as shown in Equation (15), which utilizes the best position of the
population Xbest and the random position Xrand respectively. However, Xbest has good
convergence performance but does not have extensive search ability, which cannot guide
the population to fully explore the solution space, and it is easy to ignore potential areas.
Therefore, an adaptive weight factor is proposed in this paper, which enables Xbest to
have adaptive disturbance ability, ensure convergence ability, and explore the surrounding
neighborhood extensively, so as to find more potential solutions. The mathematical model
is as follows:

w(t+ 1) = rG × sin(
π × t

4T
). (25)

Generally, the traditional adaptive weight factor has less fluctuation in the curve in the
early stage of iteration, which gives the particles less disturbance. The large fluctuation
in the middle and late iteration provides the algorithm with superior global exploration
performance and can guide the population to approach the optimal region or adjacent
region. The improved location update method is:

X(t+ 1) = w(t)×Xbest(t)− (r1 × (
Xbest(t) +Xrand(t)

2
)−Xrand(t)). (26)

Lens opposition-based learning ROA implements iterative optimization by attaching to
different hosts. Specifically, Remora attaches itself to a swordfish and a whale for global
exploration and local exploitation, respectively. In addition, Remora can autonomously
decide whether to change the host according to the surrounding environment to improve
the success rate of feeding. However, the above search strategy mainly depends on the
host. If the host’s predatory ability is not strong (falling into the local optimal trap),
then the Remora will also fall into it, resulting in a ”precocious” phenomenon, which
affects the optimization performance of the algorithm. In order to alleviate this trend, lens
opposition-based learning (LOBL) [19] is introduced to generate the lens reverse solution
in the search space by using the convex lens imaging principle, and the optimal individual
is selected to enter the next iteration through the greedy strategy. The introduction of this
strategy is conducive to improving the diversity of the whole population, that is, using the
rich search information of the lens reverse solution to improve the ability of the population
to jump out of the local extreme value and accelerate the convergence of the algorithm.
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As shown in Figure 1, assuming that point x exists in one-dimensional space [LB , UB ],
a lens with a height of h∗ and a position of x∗ is formed under the action of a lens. The y
axis represents a convex lens, located at a midpoint in space.

Fig. 1. LOBL

According to the principle of lens imaging:

(LB , UB)/2− x

x∗ − (LB , UB)/2
=

h

h∗ . (27)

LB and UB represent the upper and lower bounds of the search space. Let k = h/h∗,
that is, formula (27) can be transformed as follows:

x∗ =
LB + UB

2
+

LB + UB

2k
− x

k
. (28)

It can be seen from equation (28) that if k = 1, then it is equivalent to the reverse
learning strategy, and it can also be said that the reverse learning of lens imaging is a
special case of the reverse learning strategy.

The optimization process of the initial value based on the modified ROA is shown in
Algorithm 3.

Algorithm 3 Optimization process of initial value based on modified ROA
1: Initializing parameter population size N , maximum number of iterations T , factor C of

Remora.
2: The search agent boundary is modified, the fitness value is calculated, and the best individual

and fitness value are recorded.
3: Calculate the lens inverse solution of the search agent, the fitness value and save the optimal

individual according to the greedy strategy.
4: If H(i) = 0, the remora attaches to the whale and uses the bubble net attack strategy to prey.

When H(i) = 1, Remora attaches to the swordfish to complete the middle and long distance
adaptive movement.

5: Perform an empirical attack, replace if the new position produced is better than the original,
and reset the random number set H, otherwise perform host feeding.

6: Judge whether the program meets the termination condition, if yes, jump out of the loop and
output the current optimal segmentation threshold, otherwise return to step (2).
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From the above introduction, we can see that ROA mainly has three stages, namely,
the initialization stage, the exploration stage and the development stage. In the initializa-
tion stage, a search agent with population size N is generated in the search space, where
the spatial dimension is d, then the operation complexity of this stage is O(N × d). In
the exploration phase, ROA completes the position update through swordfish strategy and
experience attack, then the operation complexity of this part is O(N × d). In the devel-
opment phase, the location is updated through whale strategy and host feeding, and the
computational complexity is O(N × d). If the exploration phase and development phase
are repeated T times, the ROA operation complexity is O(N × d × T ). In the improved
ROA, LOBL strategy is introduced to improve algorithm performance, and its complexity
is O(N×d×T ). In addition, adaptive weight factors are introduced to enhance inter-group
communication learning, and the complexity is O(T ). The rest is the same as the origi-
nal algorithm. In summary, the improved ROA operation complexity is O(N × d × T ),
which shows that the algorithm proposed in this paper does not improve the operation
complexity.

3.3. Improved k-opt Method

Figure 2 shows the 2-opt optimization process. This method selects two non-adjacent
points i and j to find a shorter path according to the following formula.

D(i, i+ 1) +D(j, j + 1) > D(i, j) +D(i+ 1, j + 1). (29)

Where D(i, j) represents the distance between two points i and j. If the condition is
true, then the sequence L(i + 1, j) is reversed. L(i, j) represents a sequence of paths in
an existing path that starts with i and ends with j. Through continuous optimization of
the existing sequence, a shorter sequence is finally constructed. Similarly, Figure 3 shows
the 3-opt optimization process. This method selects three non-adjacent points i, j, and k
to optimize the current path according to the following formula. If the condition is true,
then the sequence L(j + 1, k) is reversed.

D(i, i+1)+D(j, j+1)+D(k, k+1) > D(i, k)+D(i+1, j+1)+D(j, k+1). (30)

Isoart et al. [20] systematically discussed the advantages and disadvantages of differ-
ent k values in the k-opt method. The 2-opt and 3-opt methods are optimization processes
based on greedy search, so the above methods also inherit the shortcomings of greedy
search, that is, they eventually lead to local optimal solutions. At the same time, the time
complexity of 2-opt and 3-opt methods is closely related to the data size. In theory, the
maximum number of sequence reversals by 2-opt method is O(n2), and the maximum
number of sequence reversals by 3-opt method is O(n3).

Improved 2-opt and 3-opt methods are proposed in order to alleviate the local optimal
solution of 2-opt and 3-opt methods. In the improved 2-opt method, the set J of all subse-
quent nodes that are not adjacent to the current node i is found, and the set is constructed
as follows:

Diff2 = D(i, i+ 1) +D(J, J + 1)−D(i, J)−D(i+ 1, J + 1). (31)
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Fig. 2. Optimization process of 2-opt method

Fig. 3. Optimization process of 3-opt method

Where, the set Diff2 represents the difference between all subsequent nodes and
the current node after the sequence exchange. Find the maximum max − S2 in the set
Diff2, if the condition max − S2 > 0 is true, the sequence between node j and node i
corresponding to max−S2 is reversed, that is, the current sequence L(i+1, j) is reversed.
In the improved 3-opt method, the set K of all nodes that are not adjacent to the current
node i and j is found and the set Diff3 is constructed

Diff3 = D(i, i+1)+D(j, Jj+1)+D(K,K+1)−D(i,K)−D(i+1, j+1)−D(j,K+1).
(32)

Compared with the original 2-opt method, the sequence reversal times of the improved
2-opt algorithm do not exceed O(n). The improved 3-opt method reverses the sequence
no more than O(n/2). Secondly, for any node, the improved 2-opt method reverses the
sequence at most 1 times, while the original 2-opt algorithm reverses the sequence at most
n− 2 times.
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3.4. Random Recombination Strategy

When using the ant colony guidance strategy, it is easy to fall into a local optimal situa-
tion. In order to avoid falling into local optimality as much as possible, this paper adopts
random recombination strategy to make the algorithm jump out of stagnation. The details
are as follows:

1. After N stagnation, the original pheromone matrix will be abandoned and a new one
will be established.

2. The new pheromone matrix is set to the initial pheromone matrix, that is, every value
except the diagonal is the initial value τ0.

3. Each initial value of the new factor matrix is given a random multiplier incentive, and
finally the new information matrix replaces the existing pheromone matrix, as shown
in formula (33). Where the upper limit of magnification is the quotient of the current
highest pheromone and the initial value τ0.


0 x1,1τ0 x1,2τ0 · · · xi,jτ0

x1,1τ0 0 x2,1τ0 x2,2τ0 xi,jτ0
x1,2τ0 x2,1τ0 · · · x3,1τ0 xi,jτ0
x1,3τ0 x2,2τ0 x3,1τ0 0 xi,jτ0
xi,jτ0 xi,jτ0 xi,jτ0 xi,jτ0 0

 (33)

4. Experiment and Result Analysis

This algorithm adopts Matlab2017a simulation software, based on AMD Ryzen 5 3550H
with Radeon Vega Mobile Gfx2.10 GHz processor, 8GB memory, and 64-bit Win10 oper-
ating system. This paper selects typical problem sets from TSPLIB, which are commonly
used to test and optimize algorithms.

4.1. Parameter Setting

In this paper, the optimal parameters of ant colony algorithm are deeply studied, which is
conducive to the application of ant colony algorithm in optimization problems. In order
to make the experiment more reasonable, this paper conducts several tests, and the sta-
tistical results show that the parameter Settings in Table 1 are more reasonable and the
experimental results are better.

Table 1. Basic parameter setting

α β ξ ρ q0 m Tc

1 4 0.1 0.3 0.7 50 2000

α is the information heuristic factor, and the smaller α denotes the stronger random-
ness, but it is easy to fall into local optimal. The greater β denotes the greater probability
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of ants to choose the local shorter path, which can accelerate the convergence speed, but
the accuracy of the algorithm diversity and settlement is poor. ξ is the volatilization rate
of local pheromone. ρ is the global pheromone volatilization rate. q0 is a pseudo-random
factor that affects the algorithm’s exploration of new paths. The smaller the q0, the greater
the probability of ants to explore new paths; conversely, the larger q0 denotes the stronger
greed. Ants concentrate on the shortest path, which speeds up the convergence speed, but
results in poor search ability. m is the number of ants, and m ants search in parallel. The
larger m denotes more solutions that can be obtained, and the accuracy of the algorithm is
improved correspondingly, while the time complexity is increased. Tc indicates the total
number of iterations.

The pheromone matrix needs to be initially stimulated in the ant guidance strategy.
The value of N multiplier needs to integrate convergence speed, local optimization, initial
solution accuracy, so the value of N should not be too high or too low. According to the
experiment results in Table 2 and Table 3, N in this paper is set at 10.

Table 2. kroA200 solutions under different excitation multiples (Standard solution 29368)

N Average solution Optimal solution Error rate % Iteration number

2 29712 29564 0.66 908
5 29631 29548 0.62 1058
10 29631 29548 0.62 1058
20 29682 29564 0.66 1849
30 29789 29564 0.66 1843
40 29634 29548 0.62 1058
50 29682 29564 0.66 318

Table 3. Lin318 solutions under different excitation multiples (Standard solution 42029)

N Average solution Optimal solution Error rate % Iteration number

2 43839 43130 2.63 1979
5 43557 42775 1.79 1788
10 43167 42704 1.61 1842
20 43782 42834 1.92 1821
30 43786 42999 2.31 1988
40 43649 43001 2.32 1525
50 43709 43229 2.86 1459

4.2. Determination of Area Density Strategy Coefficient A

The area density strategy provides a limiting condition for the first clustering and a basic
sample for the subsequent clustering adjustment, that is, the area density determines the
number of iterations required for the subsequent adjustment. Therefore, in order to enable
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subsequent operations to quickly reach the set standards, a reasonable coefficient of area
density strategy should be selected to make the first clustering result as close as possible to
the required result, that is, the number of each class is close to the value range of 50-120.

In this paper, different coefficients A will be selected, and the selection of coefficients
will be judged by the results of the first clustering. As can be seen from Table 4 and Table
5, the optimal value range is [0.01,0.001]. In order to find better results, the value of this
range is further refined to facilitate the solution of the optimal value.

As can be seen from Table 6 and Table 7, when A = 0.002, there is a better clus-
tering result, and the number of iterations required for subsequent optimization will be
effectively reduced. Therefore, the A of this paper is 0.002.

Table 4. kroA200 solutions under different excitation multiples

A value Cluster number Minimum number Maximum number

1 2 100 100
0.1 2 100 100
0.01 2 100 100
0.001 11 12 27
0.0001 101 1 6

Table 5. Lin318 solutions under different excitation multiples

A value Cluster number Minimum number Maximum number

1 1 318 318
0.1 2 150 168
0.01 2 150 168
0.001 9 19 57
0.0001 101 1 11

Table 6. kroA200 solutions under different excitation multiples

A value Cluster number Minimum number Maximum number

0.002 5 32 49
0.004 2 100 100
0.006 2 100 100
0.008 2 100 100

4.3. Algorithm Performance Analysis

A. Performance analysis of adaptive clustering strategy
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Table 7. Lin318 solutions under different excitation multiples

A value Cluster number Minimum number Maximum number

0.002 4 61 89
0.004 2 150 168
0.006 2 150 168
0.008 2 150 168

In order to show the influence of adaptive clustering strategy on this algorithm, two
sets of experiments were set in this paper to compare the accuracy of the solution, namely
ROA+ant colony guidance strategy+random recombination strategy, and ROA+adaptive
clustering strategy+ant colony guidance strategy+random recombination strategy, as shown
in Table 8. The formula for calculating the error rate is:

θ =
LROA−best − Lbest

Lbest
. (34)

Where LROA−best represents the theoretical optimal solution, Lbest represents the
optimal solution of the algorithm, and θ represents the error rate. Each group is tested 10
times, with the maximum iteration number of 2000 each time, and the excitation rate N
is selected to be 10 times, and the average solution and error rate are calculated according
to the results.

Table 8. Optimization scheme

Group number Name Scheme combination

A ROA+ACO+RRS ROA+ACO+random recombination strategy
B ROA+AC+ACO+RRS ROA+adaptive clustering+ACO+random recombination strategy

As can be seen from Table 9, in terms of average solution, optimal solution and er-
ror rate, the data in group B is better than that in group A, because group B provides a
better initial solution, which makes the algorithm optimized around the initial solution at
the initial stage, resulting in improved accuracy of the solution. In addition, the average
solution of group B algorithm is better, which also shows that group B algorithm is more
stable.

B. Performance analysis of ant colony guidance strategy
In order to show the influence of ant colony guidance strategy on this algorithm, three

groups of experiments are set up in this paper to compare the accuracy of the solution,
which are divided into specific ROA, ROA+ adaptive clustering+random recombination
strategy, ROA+adaptive clustering+ant colony guidance strategy+ random recombination
strategy. The calculation formula of error rate is consistent with that mentioned above, as
shown in Table 10. Each group is tested 10 times, with the maximum iteration number
of 2000 each time, and the excitation rate N is selected to be 10 times, and the average
solution and error rate are calculated according to the results.

It can be seen from Table 11 that the optimal solution of group C is improved to A
certain extent compared with group A and Group B. In addition, the solution of group A
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Table 9. Performance comparison results of different optimization strategies

TSP instance opt scheme average solution optimal solution error rate%

KroB150 26131 A 26352 26142 0.04
KroB150 26131 B 26217 26131 0
KroA200 29369 A 29705 29495 0.41
KroA200 29369 B 29506 29402 0.12
Pr226 80369 A 80982 80529 0.78
Pr226 80369 B 80658 80486 0.14
F1417 11861 A 12089 12016 1.31
F1417 11861 B 12128 11963 0.86

is fluctuated greatly because the ant colony guidance strategy is not added. In contrast,
the average solution of group C is better than that of group A due to the addition of ant
colony guidance strategy. Under the condition of ensuring the error rate, the addition of
ant colony guidance strategy makes the algorithm more stable.

Table 10. Optimization scheme

Group number Name Scheme combination

A ROA ROA
B ROA+AC+RRS ROA+adaptive clustering+random recombination strategy
C ROA+AC+ACO+RRS ROA+adaptive clustering+ACO+random recombination strategy

Table 11. Performance comparison results of different optimization strategies

TSP instance opt scheme average solution optimal solution error rate%

KroB150 26131 A 26625 26306 0.67
KroB150 26131 B 28817 28817 10.29
KroB150 26131 C 26217 26131 0
KroA200 29369 A 29772 29573 0.68
KroA200 29369 B 30341 30255 3.03
KroA200 29369 C 29506 29402 0.12
Pr226 80369 A 80982 80529 0.78
Pr226 80369 B 90195 90121 12.13
Pr226 80369 C 80658 80476 0.13

C. Performance analysis of random recombination strategy
In order to show the influence of random recombination strategies on this algorithm,

two sets of experiments are set up to compare the accuracy of the solution, namely
ROA+adaptive clustering+ant colony guidance strategy, ROA+adaptive clustering+ant
colony guidance strategy+random recombination strategy. The calculation formula of er-
ror rate is consistent with the previous. Each group is tested 10 times, with the maximum
iteration number of 2000 each time.
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Table 12. Optimization scheme

Group number Name Scheme combination

A ROA+AC ROA+adaptive clustering+ACO
B ROA+AC+ACO+RRS ROA+adaptive clustering+ACO+random recombination strategy

As can be seen from Table 13, when the optimal solution is the same, the random
recombination strategy improves the average solution significantly. As can be seen from
U574 and Rat575, compared with group A, the random recombination strategy has a great
improvement in the average solution and optimal solution for the evenly distributed TSP
problem, which enables the algorithm to solve a wider range of problems with better
solutions.

Table 13. Performance comparison results of different optimization strategies

TSP instance opt scheme average solution optimal solution error rate%

F1417 11861 A 12565 11964 0.86
F1417 11861 B 12129 11964 0.86
U574 36905 A 41255 39588 7.27
U574 36905 B 39857 38751 5.01
Rat575 6773 A 7246 7009 3.47
Rat575 6773 B 7183 6924 2.22

4.4. Comparison with Traditional ACO

In order to compare proposed algorithm with traditional ACO, typical TSP problems such
as eil51, eil76, KroA100, KroB100, KroB150, KraoA200, pr226, Lin318, fl417, pr439 are
compared in this paper. Where, the time length refers to the time taken from the beginning
of the algorithm to finding the optimal solution of the algorithm, as shown in Table 14.

Table 14. Comparison between traditional ACO and proposed method

No. No. Proposed Proposed Proposed ACO ACO ACO
TSP instance opt best error rate% time/m best error rate% time/m

eil51 426 426 0 5.31 426 0 3.86
eil76 538 538 0 6.86 538 0 4.96
KroA100 21282 21282 0 12.55 21282 0 9.79
KroB100 22141 22141 0 12.57 22141 0 10.71
KroB150 26131 26131 0 14.62 26306 0.68 12.65
KraoA200 29368 29402 0.11 15.95 29564 0.67 16.79
pr226 80369 80475 0.14 15.65 80529 0.79 17.46
Lin318 42029 42496 1.11 17.98 42705 1.61 25.77
fl417 11861 11963 0.85 18.61 12032 1.43 29.64
pr439 107217 108602 1.29 21.43 109422 2.07 30.65
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It can be seen from Table 14 that in small-scale cities Eil51 and Eil76, proposed
method and ACO can both find theoretical optimal solutions. In the medium-scale cities
KroA100, KroB100, KroB150 and KroA200, the theoretical optimal solution can be
found by proposed method except KroA200, while the traditional ACO can not find the
theoretical optimal solution. In large-scale cities Lin318, F1417 and Pr439, none of the
two algorithms can find the theoretical optimal solution, but proposed method has the
highest accuracy. In addition, in terms of time, proposed method takes significantly longer
than traditional algorithm to find initial solutions in small and medium scale due to the
need to find current initial solutions. However, as the scale increases, the time complexity
of traditional algorithm becomes higher and higher, while proposed method can rapidly
converge and quickly find optimal solutions.

The rank sum test method can be used to clarify the differences between algorithms,
and the results are shown in Table 15. When the data is less than 0.05, there is a significant
difference between the two samples. It can be seen from the results in the table that there
are obvious differences between the proposed algorithm and the traditional ACO in most
TSP problems.

Table 15. Comparison table of rank sum tests

TSP instance ACO Proposed

eil51 0.054 0.049
eil76 0.013 0.037
KroA100 0.041 0.049
KroB100 0.266 0.063
KroB150 0.015 0.037
KraoA200 0.016 0.017
pr226 0.014 0.033
Lin318 0.003 0.007
fl417 0.001 0.004

4.5. Comparison with Other Advanced Methods

In order to further verify the performance of the algorithm, this paper compares the pro-
posed method with the advanced algorithms in recent years. The comparison data includes
NNM [21], DRSO [22] and SASL [23] algorithms, which all have better results in solv-
ing typical TSP problems. The experimental results are shown in Table 16. It can be seen
from table 16 that the accuracy of proposed method is obviously improved when com-
pared with the current newer algorithm, especially in the medium scale and large scale,
the quality of the solution is obviously better than other algorithms. It can be concluded
that the performance of proposed algorithm is better than that of other optimization algo-
rithms.
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Table 16. Comparison between different methods

No. No. Proposed Proposed NNM NNM DRSO DRSO SASL SASL
TSP instance opt best error rate% best error rate% best error rate% best error rate%
eil51 426 426 0 437 2.58 431 1.08 426 0
berlin52 7542 7542 0 7635 1.23 7545 0.03 7542 0
eil76 538 538 0 561 4.28 548 1.77 543 0.91
KroA100 21282 21282 0 22025 3.50 21286 0.02 21320 0.11
KroB100 22141 22141 0 23021 3.99 22372 1.03 22141 0.11
eil101 629 629 0 674 7.22 644 2.35 641 1.91
KroB150 26131 26131 0 27577 5.53 263508 0.83 26454 1.20
Rat195 2323 2337 0.6 2489 7.15 2599 8.12 2355 1.31
KraoA200 29368 29402 0.11 31829 8.83 29518 0.51 29599 0.71
pr439 107217 108602 1.29 116379 8.55 12148 10.21 99788 3.65

5. Conclusions

In order to solve the problem that ant colony algorithm convergence speed is slow and the
effect is not ideal when solving large-scale problems, this paper proposes an ant colony
algorithm-based ROA that integrates adaptive clustering and ant colony guidance strat-
egy. Firstly, the large-scale problem is decomposed into several sub-problems through
adaptive clustering, which speeds up the convergence speed and improves the accuracy of
understanding. Secondly, several sub-problems are fused by ROA fusion strategy. Finally,
the ant colony guidance strategy and opt were used to optimize the fusion results to fur-
ther improve the accuracy of understanding. In the typical TSP problem, it is shown that
the improved ant colony algorithm has higher convergence speed and solving precision
than the traditional ant colony algorithm.

Nowadays, ant colony algorithm is widely used in travel salesman problem, robot path
planning and other problems. The improved ant colony algorithm proposed in this paper
can be applied in these fields, and has higher solving accuracy and convergence speed
than other algorithms. The improved ant colony algorithm proposed in this paper has
good performance on a large scale, but there is still room for improvement. The accuracy
of this paper and the speed of the improved algorithm still need to be further improved
when solving the very large scale traveling salesman problem. Next, we will consider
optimizing the mother ant guidance strategy, so as to further improve the solution accuracy
and convergence speed when dealing with very large scale problems.
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Abstract. Aiming at the problems such as small key space and incomplete color
channel encryption in traditional image encryption, this paper proposes a novel im-
age encryption algorithm based on generative adversarial network (GAN) and DNA
dynamic encoding. This paper introduces GAN into random key generation, and
uses GAN to learn and train the random key generated by hyperchaotic system. A
parallel chaotic system is used to generate two sets of pseudo-random sequences,
and DNA dynamic encoding is introduced to further transform them to generate a
new sequence. The pixel-level diffusion and scrambling of images within and be-
tween channels are carried out by using random sequences. The experimental results
show that the randomness of GAN can significantly expand the key space, and the
proposed algorithm has significant advantages in the security and anti-attack ability
of ciphertext images.

Keywords: image encryption, generative adversarial network, DNA dynamic en-
coding, hyperchaotic system.

1. Introduction

Image has been widely used in Internet because of its characteristics of large amount of
information and convenient transmission. Due to the characteristics of parallel informa-
tion processing, optical information system has shown incomparable advantages of digital
information system in mass information processing, especially the more complex the im-
age processing and the more information, the more obvious this advantage. Night vision
technology uses the two conditions of low light and infrared light to convert the low light
or infrared light information invisible to the human eye from the target into visible light
that can be felt by the human eye through signal sensing, acquisition, processing and dis-
play technology [1,2]. Among them, low-light level TV and low-light night vision play
an important role in the monitoring of the enemy’s fixed targets and the warning and se-
curity of our important targets [3,4]. However, because the low-light level image contains
key information such as public security, military and space technology, the importance of
protecting low-light level image from malicious attacks has gradually become prominent,
and the encryption technology of low-light level image has been widely concerned by the
international academic circle. In addition, unlike the visible image, the low-light image
has complex noise, fuzzy texture characteristics, uneven illumination, low signal-to-noise
ratio and less gray level. The traditional visible image encryption technology directly uses
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the random sequence generated by chaotic system to encrypt, which has shortcomings in
security. With the deepening of the research, the security risks brought by the linear rela-
tionship of optical transformation are gradually exposed [5,6].

Chaotic systems are highly sensitive to initial values and control parameters, with
ergodicity, pseudo-randomness and unpredictability, so they have been widely used in
image encryption [7,8]. The nonlinear characteristics of chaotic systems can effectively
offset the security risks caused by linear transformations in optical encryption. However,
some chaotic based encryption schemes often have some shortcomings [9], such as short
cycle length caused by the limited precision of computers, which is one of the important
problems of chaotic key stream generators [10]. In order to solve the randomness and
security of keys, researchers have proposed many key generation schemes for chaotic
systems or various other technologies [11,12].

With the rapid development of artificial intelligence technology, deep learning has
been widely used in various fields of information security. Image information security in
the era of artificial intelligence has attracted more and more attention from researchers
[13]. Since generative adversarial networks (GANs) were first proposed in 2014 [14],
GANs have become a hot topic in computer vision [15], natural language processing, and
malicious attack detection [16]. Due to the randomness and difference of GAN training
results, this paper uses chaotic sequences as training sets and control generators to obtain
data samples with more randomness than chaotic sequences, so as to avoid problems such
as long iteration period and time consuming of high-dimensional chaotic systems. It can
obtain more random data samples than chaotic sequences, and speed up the generation
of key, which saves time for batch encryption of low-light level images, and can meet
the needs of real-time processing of low-light level images containing important military
secrets.

Chaotic systems began to be applied to image encryption in the 1990s. Since then,
image encryption based on chaotic system has been paid more and more attention. In re-
cent years, researchers are still committed to improving the rationality, practicability and
security of chaotic image encryption. Sekar et al. [17] designed an image encryption al-
gorithm based on Deoxyribo Nucleic Acid (DNA) sequence manipulation and space-time
chaos. The plaintext image was first converted into a DNA matrix and then scrambled.
After multiple DNA sequence operations, the resulting matrix was finally converted into
a ciphertext image. In 2019, using discrete chaotic mapping, Wang et al. [18] proposed an
image encryption algorithm based on DNA sequence manipulation. The algorithm scram-
bled DNA horizontally and generated ciphertext images by XOR of scrambles matrix.
In 2023, Li et al. [19] designed an image encryption algorithm using DNA computing,
chaotic system and hash algorithm, which carried out DNA-level scrambling and diffu-
sion of plaintext images. With the development of image encryption technology, there
are also researchers working on related cryptanalysis work. For scramble-only image en-
cryption algorithms, Wang et al. [20] proved that such encryption algorithms were not
secure. In 2018, for the hyperchaotic image encryption algorithm using DNA comput-
ing, Fang et al. [21] pointed out the rationality, practicability and security problems, and
cracked it through a selective plaintext attack. For the relevant tests that were often used
to evaluate the security of image encryption algorithms, Zhang et al. [22] confirmed that
these tests were only necessary conditions to ensure the security of the algorithm, but
not sufficient conditions. For the image encryption algorithm based on chaotic mapping
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and DNA coding, Yang et al. [23] simplified it into a substitution-scrambling structure
and used selective plaintext attacks to crack it. In addition, it was particularly noteworthy
that Singh et al. [24] reviewed some representative works in the field of image encryp-
tion and its cryptanalysis, and classified and summarized these works. More importantly,
they also pointed out some challenging problems in the field of image encryption and its
cryptanalysis.

There is no doubt that the problems identified in cryptanalysis work will be taken se-
riously by researchers when designing new image encryption algorithms. Therefore, the
cryptanalysis of image encryption algorithm can promote the development and perfec-
tion of image encryption technology. So a novel image encryption algorithm based on
generative adversarial network (GAN) and DNA dynamic encoding is proposed in this
paper.

2. Related Works

In view of the low efficiency and poor security of traditional encryption algorithms, re-
searchers have proposed many efficient image encryption algorithms based on the ran-
domness of low-dimensional chaotic systems [25]. However, the structure of
low-dimensional chaotic systems is too simple, which makes the generated pseudo-random
sequences vulnerable to attacks. Yu et al. [26] proposed an image encryption algorithm
based on the hyperchaotic system. The pseudo-random sequence generated by the hy-
perchaotic system had good randomness and wide range, which made the security of the
encryption method significantly improved compared with the traditional low-dimensional
chaotic system, but the image anti-attack ability was weak. Ouguissi et al. [27] intro-
duced scrambling methods such as Arnold transform and bit combination scrambling re-
spectively to improve security, but changing pixel positions did not destroy the statistical
characteristics of the original image, resulting in low anti-statistical attack capability of
the encrypted image. Wang et al. [28] put forward a synchronous scrambling diffusion al-
gorithm based on bit-plane decomposition technology. This method had good encryption
effect, but did not consider the problem of uneven distribution of bit-plane information.
Wei et al. [29] proposed a selective encryption method based on the bit-plane information
distribution. The algorithm had small computation, but had general security performance
and low key space.

2.1. Randomness of Neural Networks

An artificial neural network consists of a large number of neurons connected to each
other, each node represents a specific output function, and the connections between dif-
ferent nodes represent a weighted value of the signal passing through that connection. The
output of the network is determined by the connection mode, weight value and excitation
function of the network [30].

Suppose that the input X = (x1, x2, · · · , xn) is a vector of length n, and the output
Y = (y1, y2, · · · , yn) is the result of training the neural network. Ve and Ws are the
weights of the input layer and the output layer. Voe and W0,s are input and output errors
respectively. The forward training model of the neural network structure is:



1676 Xi Wang

yi = g(w0,s +

n∑
j=1

Zj ·Ws,j). (1)

Where w0,s is the offset of the output layer. Ws,j represents the weight of the hidden
layer node j to the output layer. The calculation formula from the hidden layer to the
output layer is as follows:

Zj = F (Voe,j + xk · Ve,j). (2)

Where 1 ≤ j ≤ n, 1 ≤ k ≤ n. Zj represents the j − th hidden layer node. Voe,j

represents the bias of the j − th node. Ve,j represents the weight of the j − th node. In
order to make the network more powerful and generate a nonlinear mapping from input
to output, the activation function selects the nonlinear function F (θ) = tanh(0θ) so that
it can learn complex data. The training error is:

eri = yi − xi. (3)

The backpropagation gradient process is:
σ0,i = a · eri i = 1, 2, · · · , n

σh,j = Zj(1− Zj)

n∑
i=1

σ0,iWs,j k = 1, 2, · · · , n (4)

The training process iterates by updating each weight and bias by backpropagating
the gradient. Since there are many different neuron connections in a neural network, the
overall behavior of the network system depends on the characteristics of each neuron and
the interactions of different neurons. When the internal parameters of the neural network
are randomly initialized, the stochastic gradient descent algorithm ensures the training
randomization of different objects. Moreover, with the further complexity of the depth
and structure of the neural network, the complexity of the internal parameter combination
increases exponentially, which makes the parameter change of each neuron affect the
output of the whole network. According to this characteristic, the randomness of neural
network is used to further expand the random selection space of key and improve the
security of encryption algorithm.

2.2. The Generation of Chaotic Sequences

For the plaintext image P with size M×N , its hash value K is calculated by Keccak algo-
rithm [31] and equally divided into 32 bytes, that is, k1, k2, · · · , k32. Using the following
formula:

hi = ((kj+1 ⊕ kj+2 ⊕ kj+3) + kj+4 + kj+5 + kj+6)/256. (5)
x0 = x′

0 + 1 + abs(round(h1)− h1)

y0 = y′0 + 1 + abs(round(h2)− h2)

z0 = z′0 + 1 + abs(round(h3)− h3)

(6)
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The initial state values x0, y0, z0 of the chaotic system are calculated. Where, i =
1, 2, 3, y = 6(i − 1), ⊕ is the bitwise XOR operation. x′

0, y′0, z′0 are the given value.,
abs(r) is the absolute value of the parameter r, and round(r) is the rounding of the
parameter r. Input x0, y0, z0 into the Lorenz chaotic system to generate chaotic sequences
x, y, z. The used Lorenz chaos system is:

ẋ = a(y − x)

ẏ = −xz + bx− y

ż = xy − cz

(7)

System control parameter is (a, b, c) = (10, 28, 8/3). Finally, we adopt,
X = mod(floor(1010 × (x− floor(x))), N) + 1

Y = mod(floor(1010 × (y − floor(y))),M) + 1

Z = mod(floor(1010 × (z − floor(z))), 256)

(8)

Convert x, y, z to the sequence X , Y , Z. Where mod(r1, r2) is to perform modular
r2 operation on the parameter r1, and floor(r) is to round down the parameter r.

2.3. GAN Key Generation Method

The randomness of key has become an important factor affecting the security of cryp-
tosystem. GAN is a class of artificial intelligence algorithms for unsupervised machine
learning, which consists of two neural networks that compete with each other in a zero-
sum game framework [32].

min
G

max
D

v(G,D) = Ex∼pd
(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z))))]. (9)

Where G is the generating network. D is the discrimination network. v(G,D) is the
loss function. x is the training set. Ex∼pd

is the distribution of the actual input data.
logD(x) is the judgment value of the discriminator. D(x) is the D network model used
to determine whether the actual data and training z are noise from the input G network
model. Ez∼pz(z) is the distribution of noise data. log(1−D(G(z)) is the judgment value
of the generated data. G(z) is the data generated for the G network model. Through
continuous game of maximum and minimum values, G network model and D network
model are optimized alternately until the two models reach Nash equilibrium.

Quantum dots and quantum cellular automata are novel nanoelectronic devices that
transmit information through coulomb interactions [33]. Compared with traditional tech-
nology, quantum cellular automata has the advantages of ultra-high integration, ultra-low
power consumption and leadless integration. In recent years, scholars at home and abroad
have used the structure of cellular neural networks and quantum cellular automata to
construct QCNN on the basis of Schrodinger equation. Due to the quantum interaction
between quantum dots, QCNN can obtain complex linear dynamic properties from the
polarizability and quantum phase of each quantum cellular automaton, which can be used
to construct nanoscale hyperchaotic oscillators. For a QCNN coupling two elements, it
can be described by the following differential equation:
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ġ1 = −2a1

√
1− g21 sinh1. (10)

ḣ1 = (−b1(g1 − g2) + 2a1g1 cosh1)/
√
1− g21 . (11)

ġ2 = −2a2

√
1− g22 sinh2. (12)

ḣ2 = (−b2(g2 − g1) + 2a2g2 cosh2)/
√
1− g22 . (13)

In the formula, g1, g2 are the polarizability. h1, h2 are the quantum phase. a1, a2 are
the proportional coefficients of the energy between the midpoints of each unit. b1, b2 are
the weighted influencing factors of the differences in the polarizability of adjacent units.
When a1 = a2 = 0.28, b1 = 0.7, b2 = 0.3, the system is in a chaotic state.

Because QCNN is a high order hyperchaotic system, the iteration speed is slow and
the computation is large. The hyperchaotic random matrix generated by QCNN is input
into GAN as the training set, and the random data is learned to be used as the secure GAN
key pool of the encryption system. The random numbers generated after training have
similar characteristics to the random numbers generated by the chaotic system, that is, the
new random numbers also have chaotic characteristics. The sensitivity is that when differ-
ent chaotic random sequences generated by QCNN with different initial values or control
parameters are used as learning objects, GANs will also learn and generate completely
different random numbers. However, the random numbers generated by GANs also have
some characteristics that are different from those of chaotic systems. For example, be-
cause the learning and training process is unsupervised, the generated random sequence
of numbers is not subject to human control, that is, it has non-repeatability. In short, GAN
key generation method can effectively improve the speed of key generation on the premise
of guaranteeing the key characteristics.

3. Proposed Image Encryption Method

The GAN key generation method is applied to a new low-light level image encryption
algorithm, and a 2-D coordinate pointer calculation method is designed. In each encryp-
tion, a specific location is calculated from the key pool using the plaintext related control
parameters and user-set parameters, and then different random sequences are obtained
from the key as scrambled keys. Only one scrambling encryption framework is given in
the description of the algorithm in this paper, but in practice each scrambling operation is
to set different operations related to plaintext and users, and the attacker cannot break the
encryption algorithm through known plaintext or select plaintext attacks.

The key generated by chaotic system is trained by GAN to obtain GAN key pool,
and two chaotic random phase masks are selected from GAN key pool for diffusion stage.
The overall encryption process is shown in Figure 1. RM1 and RM2 are two phase masks.
The original image is scrambled first, and then double random phase fractional Fourier
transform (FFT) [34] is performed to obtain the final ciphertext image.
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Fig. 1. Proposed encryption process

3.1. Pixel Replacement Based on DNA Dynamic Encoding

DNA dynamic encoding is performed on scrambled image T . Each pixel is encoded into 4
bases using different coding rules to obtain the DNA encoding sequence E. The encoding
rule Ri,j for each pixel depends on the location (i, j) of the pixel Ti,j and the sequence
Z.

Ri,j = (mod((i− 1)×N + j, 8)⊕mod(Z(i−1)×N+j , 8)) + 1. (14)

Where i = 1, 2, · · · ,M , j = 1, 2, · · · , N . The DNA sequence was downloaded from
the GenBank database and 4 ×M ×N bases are intercepted. DNA XOR operations are
performed on these bases with the DNA encoding sequence E. Finally, encoding rule is
used to decode the DNA of the operation result and reassemble it into an intermediate
ciphertext image I .

3.2. Pixel Row Diffusion

It reorganizes the sequence Z into an M×N matrix in a column-first manner. Row spread
operations are carried out in the direction of rows in the form of column vectors.

C ′
1 = I1 ⊕ IN ⊕ IN−1 ⊕ Z1

C ′
2 = I2 ⊕ C ′

1 ⊕ IN ⊕ Z2

C ′
i = Ii ⊕ C ′

i−1 ⊕ C ′
i−2 ⊕ Zi

(15)

Where, C ′
i is the i − th column of the middle ciphertext image C ′ obtained after the

row diffusion operation. Ii and Zi are columns I and Z, respectively, i = 3, 4, · · · , N .
Then the column diffusion operation is carried out to obtain the final ciphertext image C.

C1 = C ′
1 ⊕ C ′

M ⊕ C ′
M−1 ⊕ Z1

C2 = C ′
2 ⊕ C1 ⊕ C ′

M ⊕ Z2

Ci = C ′
i ⊕ Ci−1 ⊕ Ci−2 ⊕ Zi

(16)

Where Ci is row i− th of C obtained after the column diffusion operation. C ′
i and Zi

are row i− th of C ′ and Z respectively, i = 3, 4, · · · ,M .
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Case 1. When the chaotic sequence x is converted to sequence X , the modulus used
by the original formula (6) is 256, not the column number N of the image.

Analysis. X in matrix form is used to implement line-by-line scrambling of pixels.
Therefore, the Josef traversal variable step size should have a value range of [1, N ], not
[1, 256]. Otherwise, when N ≫ 256, the scrambling of pixels will be limited to a small
range. The same is true for the transformation of chaotic sequence y.

Case 2. The DNA encoding rule Rij is calculated according to the original formula
(14), and its value range is [0, 7]. In addition, the chaotic sequence element used in the
original formula (14) is Z(i−1)×N+1.

Analysis. According to Algorithm 1, the value range of the coding rule should be
[1, 8]. In addition, in order to maximize the randomness and dynamics of the encoding
rules, Z should be used more fully. Therefore, Rij should be calculated using Z(i−1)×N+j

in equation (14).

Algorithm 1 Pixel diffusion effect elimination algorithm
Input: the ciphertext image C with size M ×N .
step 1: When i ∈ [3,M ], it repeats operation C1(i, :) = C(i, :)⊕ C(i− 1, :)⊕ C(i− 2, :).
step 2: Execute operation C1(2, :) = C(2, :)⊕ C(1, :)⊕ C1(M, :).
step 3: Execute operation C1(1, :) = C(1, :)⊕ C1(M, :)⊕ C1(M − 1, :).
step 4: When j ∈ [3, N ], it repeats operation C2(:, j) = C1(:, j)⊕C1(:, j− 1)⊕C1(:, j− 2).
step 5: Execute operation C2(:, 2) = C1(:, 2)⊕ C1(:, 1)⊕ C2(:, N).
step 6: Execute operation C2(:, 1) = C1(:, 1)⊕ C2(:, N)⊕ C2(:, N − 1).

Case 3. The description of the diffusion process is inconsistent. In addition, if the
number of rows or columns in the input image is less than 4, the diffusion process will
not work properly.

Analysis. According to the display of row scrambling, it can be seen from the formula
(15) that the row diffusion is carried out in the form of column vectors. That is, at the
same time, the pixels on a column are correspondingly spread to other columns, which is
to spread the column in the direction of the row. When the formula (15) is explained in
the original paper, Pi also represents the i row of the image matrix. Similarly, columns
can be diffused using equation (15).

The problem of the diffusion process not working properly is discussed only N < 4;
M < 4 is similar. When N = 1, PN−1 in equation (15) is meaningless. When N = 2,
equation (15) degenerates to:

P ′
i =


(P2 ⊕Q1)mod256, i = 1

P1mod256, i = 2 (17)

Obviously, this is also the result of unreasonable and meaningless diffusion. When
N = 3, equation (15) degenerates into:



GAN-DNADE 1681

P ′
i =


(P1 ⊕ P3 ⊕ P2 ⊕Q1)mod256, i = 1

(P2 ⊕ P ′
1 ⊕ P1 ⊕Q1)mod256, i = 2

(P2 ⊕ P ′
2 ⊕ P ′

1 ⊕Q3)mod256, i = 3
(18)

According to equation (18), diffusion is irreversible. So if it knows P ′ and Q, it can
only find P3, it can not find P1 and P2. In addition, the module 256 operation in equation
(15) is also redundant. Q2 should also be used when diffusing P2.

Case 4. GAN-DNADE downloads DNA sequences from the GenBank database and
intercepts 4×M ×N bases.

Analysis. To encrypt a plaintext image with a size of M × N , the encryptor must
obtain at least 4 × M × N bases securely from the GenBank database. The same goes
for the decryption party to complete the decryption. In other words, a plaintext image
with a size of M × N is transmitted through an insecure channel, and GAN-DNADE is
selected to achieve the encryption protection of the image, and both the encryptor and the
decryptor need to securely download at least the same length of data from a third party.
Obviously, this design makes encryption pointless. A reasonable design is to use a chaotic
system to generate the required base data.

Case 5. By simple processing of ciphertext images, the encryption structure can be
degraded from scramble-replace-diffusion structure to scramble-replace structure.

Analysis. As can be seen from equations (14) and (15), the diffusion process of GAN-
DNADE not only has the effect of pixel diffusion, but also has the effect of pixel replace-
ment caused by the difference with chaotic matrix Z. Since the ciphertext image C is
known, C ′

i ⊕ Zi can be obtained according to equation (16).

C ′
i ⊕ Zi = Ci ⊕ Ci−1 ⊕ Ci−2. (19)

Where i = 3, 4, · · · ,M . The same can be done for row 1 and row 2 as in equation
(20).


C ′

1 ⊕ ZN ⊕ ZN−1 ⊕ Z1 = C1 ⊕ (C ′
N ⊕ ZN )⊕ (C ′

N−1 ⊕ ZN−1)

(C ′
2 ⊕ Z2 ⊕ ZN = C2 ⊕ C1 ⊕ (C ′

N ⊕ ZN ) (20)

At this time, although C ′ can not be directly obtained, the pixel diffusion effect of the
column diffusion process can be completely eliminated, so that the processed ciphertext
only has the replacement effect generated by the XOR with Z. Similarly, the pixel dif-
fusion effect of the line diffusion process can also be eliminated, and finally a ciphertext
image with only pixel replacement effect can be obtained. At this point, GAN-DNADE
has degenerated into a scramble-replace replacement structure. However, the encryption
effect of continuous secondary replacement is no different from that of a single replace-
ment.

3.3. Multi-scale Feature Extraction and Fusion Module

In order to obtain more context information based on the existing image data and improve
the feature extraction effect in the image, according to the idea of ASPP (Atrous Spatial
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Pyramid Pooling) module, multi-scale features are extracted in parallel by using cavity
convolution with different expansion rates, and the extracted multi-scale feature maps are
fused. The specific structure of the multi-scale feature extraction and fusion module used
by the network in this paper is shown in Figure 2. In figure 2, k is the convolution kernel
size, s is the step size, p is the filling range, and d is the expansion rate. The features are
extracted by using cavity convolution with expansion rates of 6, 12, and 18 respectively. In
order to prevent the convolution degradation caused by excessive void rate, it is fused with
the features after global average pooling. The use of this module increases the receptive
field and obtains more context information, which helps to improve the feature extraction
ability of the model for boundary details.

Fig. 2. Multi-scale feature extraction fusion diagram

In this paper, the features of different scales extracted by different expansion rates are
spliced, and then 1×1 convolution is used to transform them into fixed-size feature maps.
Because of the fusion of features of different scales, the ability of the network to extract
features in the image is improved, and the loss of feature information is reduced, which is
conducive to the subsequent sampling and recovery of detail information on the decoder.

3.4. Attention Module

At present, image semantic segmentation networks based on deep learning usually adopt
multi-scale feature fusion or U-Net structure fusion of low-level and high-level seman-
tic features, without considering the relation and correlation between each position or
channel of feature map. Therefore, the network in this paper respectively conducts cor-
relation modeling for the location dimension and channel dimension of the feature map.
Firstly, Non-local [35] structure is used to achieve correlation modeling for the location
of the feature space. Then a Non-local structure is used to model the correlation between
channels, and the output results of the two modules are added and fused to obtain the
global dependency relationship between features, and improve the ability of the network
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to distinguish between normal organization areas, abnormal organization areas and back-
grounds. It improves the segmentation effect of the transition region between normal and
abnormal organization, and alleviates the adverse effects of void multiple on network
learning to a certain extent.

In order to make use of the correlation between features of different regions and en-
hance each other’s expression of their features, the network in this paper uses a modeling
method similar to that in Non-local to model the location, as shown in Figure 3. Firstly,
the correlation strength matrix between the features of any two points is calculated, that is,
the original feature A is convolved to obtain the feature B (dimension is (H ×W )×C ′)
and the feature C (dimension is C ′ × (H ×W )), and the matrix product is carried out to
obtain the correlation strength matrix between the features of any two points (dimension
is (H ×W ) × (H ×W )). After softmax normalization operation, the attention diagram
S of each position for other positions is obtained. The more similar the two features, the
greater the response value. The response value in the location attention map is used as the
weight to fuse the feature D, and the feature can be selectively enhanced or suppressed
by the correlation between pixels.

Fig. 3. Location attention module block diagram

For feature graph S ∈ RN×N ,

Sij =
exp(BiCj)∑N
i=1 exp(BiCj)

. (21)

Where, C is the number of characteristic channels. H and W are the height and width
of the feature graph. N = H ×W . S is the influence of the i− th position on the j − th
position, that is, the degree of correlation/correlation between the i− th position and the
j − th position, the larger the more similar.

Location attention module output feature map E ∈ RC×H×W :

Ej = α

N∑
i=1

(SijDi) +Aj . (22)

Where α is the scale coefficient, initialized to 0, and updated weights are assigned
by gradual learning. E is the weighted sum of all location feature similarity and original
location, with global context information.

The feature maps between different channels can be regarded as responses to specific
categories, and there are certain dependencies between different responses. In order to
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model this dependency explicitly, inspired by the Non-local module, the network in this
paper conducts similar attention modeling for the channel dimension, as shown in Figure
4.

Fig. 4. Channel attention module diagram

By modeling the relationship between channels, the specific semantic response ca-
pability under channels is enhanced. The specific process is similar to location atten-
tion modeling, but the difference is that when obtaining the feature attention diagram
X ∈ RC×C , dimensionality transformation and matrix product of any two channel fea-
tures are performed to obtain the correlation strength of any two channels. The attention
diagram between channels is also obtained through softmax operation. The attention force
weighting between channels is used for fusion, so that each channel has a global associa-
tion, and the features of stronger semantic response are obtained. The specific calculation
process is as follows:

xij =
exp(AiAj)∑C
i=1 exp(AiAj)

. (23)

Ej = β

C∑
i=1

(xijAi) +Aj . (24)

Where C is the number of characteristic channels. H and W are the height and width
of the feature graph. xij is the influence of channel i on channel j. β is the scale coeffi-
cient, initialized to 0, updated by iterative learning, and the final output E is the weighted
sum of each channel feature and the original feature. In this paper, we strengthen the
sensitivity of the network to the boundary by means of intra-class feature response and
interclass feature suppression.

3.5. Cryptographic Analysis

Based on the above analysis, GAN-DNADE can be described as:

C = f3(f2(f1(P,K),K),K). (25)

Where f1(r1, r2) represents the scrambling operation of input image r1 under the
control of secret key r2. f2(r1, r2) indicates the replacement of r1 under the control of
r2. f3(r1, r2) indicates the diffusion operation performed on r1 under the control of r2.
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A simple processing of C can deform GAN-DNADE into a scramble-replace structure.
Therefore, equation (25) can be further simplified as:

C = f ′
2(f1(P,K),K). (26)

f ′
2(r1, r2) indicates the replacement of r1 under the control of r2. The following only

discusses GAN-DNADE with the pixel diffusion effect eliminated. The scrambling proce-
dure has no encryption effect on plaintext images with a single pixel value. For a plaintext
image with a single pixel value, equation (26) can be simplified as:

O = f ′
2(I,K). (27)

Where I represents the input plaintext image of a single pixel value. O indicates the
output ciphertext image. Therefore, f ′

2(r1, r2) can be determined using the plaintext im-
age with a single pixel value and its corresponding ciphertext image, that is, the equivalent
replacement matrix ES can be determined. Taking a plaintext image of size 2 × 2 as an
example, it uses the following formula:

P 0 =

[
0 0
0 0

]
(28)

and corresponding ciphertext image:

C0 =

[
c0,1 c0,2
c0,3 c0,4

]
(29)

It can determine the result of the replacement of 0 value pixel at each position. That
is, the 0 value pixel is replaced by c0,1 at (1, 1), c0,2 at (1, 2), c0,3 at (2, 1), and c0,4 at
(2, 2). Similarly, a plaintext image with a single pixel value of v = 1, 2, · · · , 255 and its
corresponding ciphertext image can be used to determine the replacement result of a pixel
with a value of v at each position.

P v =

[
v v
v v

]
(30)

Cv =

[
cv,1 cv,2
cv,3 cv,4

]
(31)

By stretching all Cv into one-dimensional row vectors and arranging them from top
to bottom, an equivalent replacement matrix is obtained for any ciphertext image of size
2× 2.

ES =


c0,1 c0,2 c0,3 c0,4
c1,1 c1,2 c1,3 c1,4

...
...

...
...

c255,1 c255,2 c255,3 c255,4

 (32)

Therefore, for any ciphertext image with a size of 2×2 and generated by K, the pixel
replacement effect can be eliminated by ES . Similarly, the above cryptanalysis procedure
can be applied to a ciphertext image of size M×N to construct an equivalent replacement
matrix of size 256× (M ×N).



1686 Xi Wang

ES =


c0,1 c0,2 · · · c0,M×N−1 c0,M×N

c0,1 c1,2 · · · c1,M×N−1 c1,M×N

...
...

. . .
...

...
c255,1 c255,2 · · · c255,M×N−1 c255,M×N

 (33)

In the first example of ES , each pixel c∗i (i = 1, 2, · · · ,M × N) of any ciphertext
image is found, thus determining the value of each pixel before the replacement operation.
In this way, the pixel replacement effect of the GAN-DNADE can be eliminated, further
degrading it to only pixel scrambling effect. Scramble-only image encryption algorithm
has been proved to be insecure. In this paper, a simpler method is chosen to obtain the
equivalent scramble-matrix ES . First, replace the first 255 pixels of an all-zero valued
plaintext image of size M × N with 1, 2, · · · , 255. After obtaining the corresponding
ciphertext image, the pixel diffusion and replacement effect of the ciphertext image are
eliminated. The processed ciphertext image has only pixel scrambling effect, in which the
corresponding position of each non-zero plaintext pixel can be found. In this way, it is
possible to determine the position of the first 255 non-zero pixels of the plaintext image
after scrambling. Similarly, the position of the remaining M ×N − 255 plaintext pixels
can be determined after scrambling. The position of up to 255 pixels can be determined
at a time, so a maximum of floor(M × N/255) + 1 selected plaintext image and its
corresponding ciphertext image are required to determine ES .

As can be seen the above analysis, GAN-DNADE can be fully cracked using up to
256floor(M ×N/255)+1 selective plaintext images and their corresponding ciphertext
images. The following is a specific selective plaintext attack algorithm.

Algorithm 2 Selective plaintext attack algorithm
Input: To restore the ciphertext image C of the plaintext image, the size of which is M ×N .
step 1: When v ∈ [1, 256], it repeats operations:
(a) A plaintext image P v−1 with a single pixel value of v−1 is constructed, and its corresponding
ciphertext image Cv−1 is obtained by encryption.
(b) Calling the Algorithm 1 to eliminate the pixel diffusion effect of Cv−1, stretch Cv−1 into a
one-dimensional row vector, and let ES(v, :) = Cv−1.
step 2: Determine the number of plaintext image q required to obtain the equivalent scrambling
matrix EP .
step 3: When w ∈ [1, q], it repeats operations:
(a) Construct the w − th selected plaintext image Pw required for EP acquisition, and encrypt
to obtain its corresponding ciphertext image Cw.
(b) Calling the Algorithm 1 to eliminate the effect of Cw pixel diffusion.
(c) Using ES to eliminate the pixel replacement effect of Cw.
(d) Finding the corresponding position of each plaintext image non-zero value pixel in Cw and
save it to EP .
step 4: Algorithm 1 is invoked to eliminate the pixel diffusion effect of C and C2 is obtained.
step 5: Using ES to eliminate the pixel substitution effect of C2, C3 is obtained.
step 6: Using EP to eliminate the pixel substitution effect of C3, PR is obtained.
Output: Recovering plaintext images PR as well as ES and EP .
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3.6. Image Decryption Process

The decryption process is the inverse process of the encryption process, which is mainly
divided into three steps: pixel level inverse diffusion, reverse bit level scrambling dif-
fusion, and pixel level inverse scrambling of the image. When the receiver receives the
ciphertext image C ′, and the two sequences Z1 and Z2, the decryption process can be
implemented by following steps:

Step 1. Decompose the secret image C ′ to the three-color channel, denoted as CR,
CG and CB , splice the color channel image and carry out pixel-level inverse diffusion to
obtain the pixel matrix P . The pixel matrix is decomposed into 8 bit planes, and the bits
between bit planes are diffused in reverse bit level.

Step 2. The vertical reverse diffuses bits of the bit planes 2, 4, 6, 8, while the lateral
reverse diffuses bits of the bit planes 1, 3, 5, 7, converting bit-level bits to the pixel level.

Step 3. Channel image R is transformed by inverse Arnold to get PR, channel image
G is transformed by inverse Zigzag to get PG, channel image B is transformed by inverse
row and column to get PB , and finally three color channel images are merged to get
decrypted image.

4. Experimental Results and Analysis

Based on Pycharm 202.1 1.1 platform, three standard test images of 512 × 512 TIF for-
mat color Lena, Baboon and Peppers are selected for simulation test. Firstly, the proposed
algorithm is used to encrypt the test image. The three color plaintext images and corre-
sponding ciphertext images are shown in Figure 5. The encrypted image presents random
noise distribution and no meaningful information can be obtained visually, indicating that
the random effect of the encryption algorithm can ensure the security of ciphertext images.

4.1. Key Space Analysis

Key space refers to the value space of the key of the encryption algorithm. In order to
resist brute force attacks, the key space should be at least 2100 to ensure the security of
encryption [11]. In the proposed encryption algorithm, 156-bit key is required as the ini-
tial value to generate two chaotic sequences, so the corresponding key space is 2312. The
parameters of each neuron in the neural network, such as weight, bias and other informa-
tion, can be used as a key needed to encrypt an image. Since the weight of each neuron
ranges from negative infinity to positive infinity, in order to facilitate the calculation of
the key space, the weight of each neuron is quantified to a space of 256 sizes, so that
the increased encryption complexity of each neuron is 28. The number of neurons used
for training in this paper is 10, and each neuron has two weight information. Therefore,
the key space expanded by 2160 after neural network randomization, corresponding to the
increased key space of the two sequences is 2320. Therefore, the total key space of this
algorithm is 2632.

The advantage of adding GAN is that the processing of neural network is equivalent
to an extra layer of key protection. If the attacker cannot provide the training set, learning
rate and the initial weight set by the neural network during random initialization, it is im-
possible to obtain the same neural network, and then the correct scrambling and diffusion
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Fig. 5. Three test images and corresponding ciphertext images
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sequence cannot be obtained, and finally the decryption of ciphertext images cannot be
realized. At the same time, the number, weight, bias and other information of neurons
in the neural network will affect the size of the key space. The more neurons, the larger
the key space, the better the performance of resisting violent attacks. Table 1 shows the
key space comparison of several existing color image encryption algorithms. It can be
seen that the key space of the proposed algorithm is higher than that of other methods.
Therefore, the proposed algorithm has a better ability to resist brute force attacks.

Table 1. Key space comparison with different algorithms

Item Reference [36] Reference [37] Reference [38] GAN-DNADE

Key space calculation (1014)4 × 108 (1016)7 × 1015 × 1017 (252)10 (2156)2 × 2320

Key space size ≈ 2535 ≈ 2515 2520 2632

4.2. Histogram Analysis

The histogram of the image is mainly used to reflect the probability of each gray level in
the image, and is the main index to evaluate the ability of statistical analysis. The original
image distribution has obvious features, and the image encryption system should do its
best to eliminate these features and make the histogram of the encrypted image gently
distributed as much as possible.

Figure 6 shows the histogram of pixel distribution of Lena image before and after
encryption. Compared with the original image, the histogram distribution of the encrypted
three-channel image is uniform, indicating that the frequency of different pixels in the
ciphertext image is very close, and the distribution law of image pixels is difficult to
analyze, thus ensuring the ability of the algorithm to resist statistical attacks and known
ciphertext attacks.

4.3. Pixel Correlation Analysis

Usually digital images have strong correlations in horizontal, vertical, and diagonal di-
rections. In order to avoid statistical attacks, encrypted images must eliminate the strong
correlation of pixels in all directions to avoid attackers using channel correlation to restore
the channel image and then restore the original image. In the experiment, 1000 pairs of
horizontal, vertical and diagonal pixels of ciphertext three-channel images are selected to
test the correlation between their adjacent pixels. When the plaintext image has a high
correlation between adjacent pixels, the adjacent pixels of the plaintext three-channel im-
age are centrally distributed on the diagonal, and the correlation coefficient is close to
1; otherwise, the value is close to 0. Table 2 compares the correlation coefficients of the
plaintext images and their encrypted images of the four algorithms. Compared with other
methods, the correlation coefficients of the proposed algorithm in the horizontal, vertical
and diagonal directions of ciphertext images are significantly reduced, and the correlation
distribution further presents a random state, indicating that the proposed algorithm has
better encryption effect and scrambling performance in terms of pixel correlation.
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Fig. 6. Histogram analysis. (a) encrypted Lena image. (b) histogram of the red channel.
(c) histogram of the green channel. (d) histogram of the blue channel

Table 2. Correlation coefficients of adjacent pixels of plaintext/ciphertext images of four
algorithms

Image Method Horizontal vertical diagonal

Lena Raw image 0.9752 0.9869 0.9627
Lena Reference [36] -0.0002 -0.0023 -0.0021
Lena Reference [37] -0.0003 0.0006 -0.0068
Lena Reference [38] 0.0005 0.0010 0.0005
Lena GAN-DNADE -0.0001 -0.0014 -0.0012
Baboon Raw image 0.9459 0.8672 0.8577
Baboon Reference [36] -0.0045 -0.0002 0.0001
Baboon Reference [37] -0.0031 -0.0002 0.0001
Baboon Reference [38] 0.0014 0.0014 0.0029
Baboon GAN-DNADE -0.0013 0.0009 -0.0034
Peppers Raw image 0.9649 0.9678 0.9572
Peppers Reference [36] -0.0008 -0.0067 0.0069
Peppers Reference [37] -0.0048 0.0052 0.0037
Peppers Reference [38] 0.0045 0.0002 0.0025
Peppers GAN-DNADE -0.0032 -0.0001 -0.0031
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4.4. Information Entropy Analysis

Information entropy is one of the important indicators to measure system uncertainty,
which is mainly used to evaluate the unpredictability of color images. If the image pix-
els with gray level of 256 are evenly distributed, the maximum theoretical information
entropy is 8.

In order to test the ability of the proposed algorithm to resist entropy attack, Lena,
Baboon and Peppers were selected for the test in the experiment. The three images were
encrypted and the information entropy was calculated respectively. The average informa-
tion entropy of the three-channel ciphertext image is shown in Table 3. It can be seen that
the average information entropy of the color channel images R, G and B of the cipher-
text image is close to the ideal value 8, indicating that the encrypted image obtained by
the algorithm in this paper is similar to other methods and has high uncertainty, which is
sufficient to resist the information entropy attack.

Table 3. Average entropy results

Test image Reference [36] Reference [37] Reference [38] GAN-DNADE

Lena 7.9982 7.9996 7.9993 7.9997
Baboon 7.9979 7.9991 7.9988 7.9995
Peppers 7.9975 7.9992 7.9994 7.9995

4.5. Analysis of Anti-attack Capability

Selective plaintext attack among various attack types has obviously stronger cracking abil-
ity. If the encryption algorithm can resist selected-plaintext attacks, it can also effectively
resist other types of attacks.

Relevant studies verify that if a secure encryption system can effectively generate ran-
dom permutation and diffusion on all-black and all-white images, it has a high ability
to resist plaintext attacks. To this end, the experiment verifies the anti-selective plaintext
attack capability of the algorithm by encrypting all-black and all-white images, and the
results are shown in Table 4. According to the security analysis results in Table 4, the pro-
posed algorithm can effectively generate permutation and diffusion sequences to realize
image encryption, and each evaluation index is close to the theoretical value of ciphertext
image security, indicating that the proposed algorithm has a high ability to resist selected
plaintext attacks.

Anti-differential Attack Analysis The number of pixel change rate (NPCR) and the
unified average changing intensity (UACI) are important indicators for testing differential
attacks.

NPCR =
1

M ×N

M∑
i=1

N∑
j=1

D(i, j)× 100%. (34)
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Table 4. Encryption security analysis of all black/all white images

security analysis all black all white

Horizontal correlation 0.0022 -0.0009
Vertical correlation -0.0017 0.0008
Diagonal correlation -0.0034 0.0018
NPCR/% 99.6202 99.6329
UACI/% 33.4552 33.4356
information entropy 7.9993 7.9994

UACI =
1

M ×N

M∑
i=1

N∑
j=1

|C1(i, j)− C2(i, j)|
255

× 100%. (35)

D(i, j) =


0, C1(i, j) = C2(i, j)

1, C1(i, j) ̸= C2(i, j) (36)

Where C1(i, j) and C2(i, j) are the pixel values at the encrypted image (i, j) before
and after randomly changing any pixel values of the image. A larger NPCR value indi-
cates that the encryption algorithm is more sensitive to changes in the original image.
Similarly, a larger UACI value also predicts a larger average change intensity of images.
The experiment compares the NPCR value and UACI value of the ciphertext image after
encryption and the ciphertext image generated after pixel change by randomly changing
any pixel value of the image. The results are shown in Table 5. The average NPCR and
UACI values of the proposed algorithm are 99.64% and 33.49% respectively. Compared
with other methods, the performance of the proposed algorithm is improved to some ex-
tent, indicating that the proposed algorithm has improved the capability of anti-differential
attack compared with the existing methods.

Table 5. Anti-differential attack analysis of 3 test images%

Image Method NPCR UACI

Lena Reference [36] 99.6524 33.4558
Lena Reference [37] 99.6098 33.4567
Lena Reference [38] 99.6574 33.4657
Lena GAN-DNADE 99.6351 33.5158
Baboon Reference [36] 99.6086 33.4467
Baboon Reference [37] 99.6061 33.4583
Baboon Reference [38] 99.6604 33.4660
Baboon GAN-DNADE 99.6295 33.4616
Peppers Reference [36] 99.6321 33.4519
Peppers Reference [37] 99.5999 33.3697
Peppers Reference [38] 99.6285 33.4639
Peppers GAN-DNADE 99.6397 33.4781
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Anti-noise Attack Analysis In order to verify the robustness of images, the experimental
data of Lena ciphertext images under different intensity noise attacks are compared with
those of other algorithms. The results of anti-noise attacks are shown in Table 6.

Table 6. Anti-noise attack analysis for Lena

Salt-and-pepper noise 0.01 0.05 0.10

MSE (GAN-DNADE) 84.32 408.74 803.57
PSNR (GAN-DNADE) 28.90 25.33 21.54
MSE (Reference [36]) 85.47 410.02 807.97
PSNR (Reference [36]) 28.82 22.01 19.06
MSE (Reference [37]) 107.31 538.93 1060.71
PSNR (Reference [37]) 35.67 45.93 20.77
MSE (Reference [38]) 96.14 255.71 896.32
PSNR (Reference [38]) 27.94 21.58 16.94

With the increase of noise intensity, the means quare error (MSE) value of Lena im-
age gradually increases, and the PSNR value gradually decreases. The results show that
with the increase of noise attack intensity, the number of error pixels in decrypted images
increases gradually, and the quality of image recovery decreases. After adding salt and
pepper noise, the MSE and PSNR values of the proposed algorithm are improved com-
pared with other literatures, indicating that the proposed algorithm has better robustness
against noise attacks.

Anti-clipping Attack Analysis Ulteriorly, the experimental data of Lena ciphertext im-
ages under different reduction size attacks are compared with those of other algorithms.
The experimental results are shown in Table 7 and Figure 7. As can be seen from Table
7, as the clipping size increases, more information is lost in ciphertext images. The larger
the value of MSE is, the smaller the value of PSNR is, indicating that the number of er-
ror pixels in the clipped and decrypted image is increasing compared with the original
image, and the recovery effect is worse. At the same time, under different clipping sizes,
the MSE and PSNR values of the proposed algorithm are significantly better than those of
other literatures, which indicates that the proposed algorithm has better robustness against
clipping attacks.

In addition to the security of the encryption algorithm, the encryption speed is also an
important index in the practical application process. Tables 8,9,10 lists the time required
to encrypt the three images using this algorithm. As can be seen from tables, compared
with other encryption algorithms, the proposed GAN-DNADE in this paper meets the
needs of fast encryption.

5. Conclusion

In this paper, a new scheme based on GAN key generation is proposed, and a plaintext
related image encryption algorithm is designed according to the generated GAN key pool.
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Table 7. Anti-clipping attack analysis for Lena

Clipping attack 1/16 1/4 1/2

MSE (GAN-DNADE) 322.53 1098.64 2278.10
PSNR (GAN-DNADE) 21.98 21.89 14.93
MSE (Reference [36]) 345.94 1275.10 2377.42
PSNR (Reference [36]) 22.75 17.08 14.37
MSE (Reference [37]) 579.99 2289.91 4578.35
PSNR (Reference [37]) 20.58 20.82 11.59
MSE (Reference [38]) 467.25 1788.63 3678.71
PSNR (Reference [38]) 19.35 19.61 11.55

Fig. 7. The encrypted images and their decrypted images after data loss. (a) 1/16 clipping.
(b) 1/2 clipping. (c) decrypted image with 1/16 clipping. (d) decrypted image with 1/2
clipping.

Table 8. Encryption time comparison for Lena

Method size time/s

Reference [36] 512× 512 1.533
Reference [37] 512× 512 1.247
Reference [38] 512× 512 0.956
GAN-DNADE 512× 512 0.165
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Table 9. Encryption time comparison for Baboon

Method size time/s

Reference [36] 512× 512 1.469
Reference [37] 512× 512 1.188
Reference [38] 512× 512 0.831
GAN-DNADE 512× 512 0.154

Table 10. Encryption time comparison for Peppers

Method size time/s

Reference [36] 512× 512 1.381
Reference [37] 512× 512 1.092
Reference [38] 512× 512 0.766
GAN-DNADE 512× 512 0.122

Learning chaotic random keys of GAN-DNADE using GANs. The main conclusions are
as follows:

1. The scheme in this paper trains and generates GAN key pool, which not only has the
advantage of chaotic random key, but also has the feature of non-repeatability, which
greatly improves the key generation speed and increases the security of the encryption
system.

2. The random phase mask used in the algorithm based on GAN key pool is related to
plaintext, so it can resist the attacks of known plaintext and selected plaintext.

3. The encryption scheme proposed in this paper can effectively improve the nonlinear
characteristics of low-light level image encryption through chaotic system, so that the
encryption scheme can effectively cope with various statistical analysis.

4. The key generation method is not only suitable for the image encryption algorithm
proposed in this paper, but also can be applied to other encryption schemes.
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Abstract. The traditional lane detection networks mainly use independent single
frame images to extract features first and then detect them, which cannot deal with
the scene with complex background well. Therefore, this paper proposes a lane
parallel detection network based on multi-frame network feature fusion model and
self-attention mechanism according to the scene characteristics that vehicles can ob-
tain continuous images during normal driving. Firstly, a parallel feature extraction
structure is designed. On the one hand, a single frame network with high precision
is used to extract the features of the current frame. On the other hand, a lightweight
multi-frame network is designed to extract features of low-resolution multi-frame
temporal images. And the recurrent neural network module is used to fuse the ex-
tracted temporal features and obtain multi-frame features. Self-attention mechanism
can effectively capture the relevant information of internal features. Then the fusion
module of single frame feature, multi-frame feature and self-attention feature is de-
signed. The feature map of lane line is output by up-sampling network. The exper-
imental results show that the network in this paper has significant improvement in
both objective detection accuracy and subjective effect compared with other meth-
ods.

Keywords: vehicle lane detection, multi-frame network feature fusion, self-attention
mechanism.

1. Introduction

With the continuous breakthrough of artificial intelligence theory and technology repre-
sented by deep neural network, autonomous driving and advanced assisted driving have
entered a period of rapid development. In practical application, it can not only effectively
reduce driving accidents caused by human factors, protect people’s life safety, but also
greatly improve traffic efficiency, which is the inevitable development trend of intelligent
transportation. Lane detection, as an important part of fully automatic driving and ad-
vanced assisted driving, is of great significance to the vehicle’s environmental awareness
ability and lane keeping system [1-3]. At present, although there are some commercial
lane detection applications, their application scenarios are limited and cannot be applied

⋆ Corresponding Author
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to complex scenarios such as short-time lane occlusion and road surface light and dark
changes. Therefore, lane detection in complex scenarios is an important research direction
in the field of automatic driving [4].

Due to the excellent performance of neural networks in image segmentation, scholars
have proposed various lane detection networks. At present, most lane detection networks
are mainly developed from semantic segmentation networks based on single frame im-
ages. Li et al. [5] proposed the classical semantic segmentation network (SegNet), which
was a symmetric network structure. It recorded the position index of the pooled value
in the feature map through a specially designed pooling index, and directly assigned the
value to the corresponding position during up-sampling, so as to recover the image seg-
mentation information. Liu et al. [6] proposed U-shaped network (U-NET), which was
combined with deconvolution and lateral connection, to make the up-sampling operation
learnable. Meanwhile, the up-sampling network can restore details by integrating high-
level features to make the prediction result smoother.

In addition to traditional semantic segmentation networks, existing networks are also
designed according to lane features. Ko et al. [7] proposed the end-to-end Lane Detection
Network. LaneNet took advantage of the feature that lane lines had multi-lane instances,
considered lane line detection as an instance segmentation problem, added an additional
instance segmentation network branch, and divided all lane line pixel regions into differ-
ent lane line instances. Lee et al. [8] proposed that based on the vanishing point principle
and the end-to-end Vanishing Point Guided Network (VPGNet), lane lines and road mark-
ers could be processed at the same time, and the global information provided by vanishing
points could be used to improve the detection accuracy in complex weather environments.
Mei et al. [9] proposed Spatial Convolutional Neural Network for lane structure (SCNN),
modified the original convolution model into a slice convolution suitable for predicting
the strip structure, so that the information flow between row and column pixels could
be transmitted in the convolution network, thus increasing the weight of lane structure
in the network. Garnett et al. [10] proposed the end-to-end 3D Multiple Lane Detec-
tion Network (3D-LANenet). The front view and the transformed top view provided by
the vehicle multi-camera system were used for lane line prediction. The forward stream
processed and retained image information. The head-view flow provided translation in-
variance characteristics and output the final 3D lane line information. Although the above
network can effectively detect the lane lines, it only uses the current moment image to
detect the lane lines, ignoring the lane line features in the past time series, under some
sudden lane occlusion, Angle of view transformation, and the change of light and shade
on the ground. Due to the lack of time domain context information, the detection accuracy
is not high.

At present, there are few researches on using video stream as network input to realize
lane detection. Zhang et al. [11] proposed the method of combining CNN and Recurrent
Neural Network (RNN) for lane line detection, which had better performance than that
using only CNN. Although the network introduced the RNN to improve the detection
and segmentation effect. However, when the same network structure is used for feature
extraction for each frame in the temporal sequence, the network will weaken the most
critical feature information of the current frame, and the computing resources will be
consumed in the multi-frame features with a large amount of redundancy. In addition,
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once the network structure is modified, the global features will be greatly affected, which
is not conducive to the optimization of network structure.

In order to make up for the lack of time domain information in lane detection network
based on single ton image, the detection speed and accuracy are taken into account. This
paper proposes a parallel lane detection network based on image sequence. On the basis
of the single-ton image segmentation network, a multi-frame network based on RNN is
added, which takes the multi-frame images in the past, including the current frame, as
the input of the network. The Convolutional long-short Term Memory (ConvLSTM) gate
mechanism [12] is used to fuse and extract the target feature information and environment
context information in multi-frame images according to the time series.

In order to reduce the new computational burden caused by multi-frame network,
the low-resolution input strategy is adopted, and the lightweight network is selected as
the skeleton network of multi-frame network, which can effectively reduce the number
of parameters and computational complexity of multi-frame network. At the same time,
self-attention mechanism is adopted to extract context features. In order to effectively fuse
the multi-frame time-domain features extracted by multi-frame network and the global
semantic features extracted by single frame network, a feature fusion module with channel
connection is designed. So that the single frame feature can effectively fuse all the multi-
frame time domain information, so that the fusion feature has the ability to represent
both the spatial information and the time domain information. Finally, the up-sampling
network is used to output the lane line feature map.

The paper is organized as follows. Section 2 introduces the related works for this
paper. In section 3, we introduce the proposed lane parallel detection network. Data en-
hancement and model training strategy are shown in section 4. Experiments are displayed
in section 5. There is a conclusion in section 6.

2. Related Works

From the perspective of how to define lane detection tasks, lane detection methods based
on deep learning can be divided into four categories:

1. Category-based methods [13], which usually combine prior information to determine
lane location. For example, DeepLane2 overcomes the shortcoming that the position
of lane lines cannot be directly obtained by image classification by adding some pri-
ori knowledge related to location into the network [14], and directly estimates the
position of lane lines by using deep neural networks.

2. The lane detection method based on classification has a simple network structure, but
limited application scenarios, and high computational complexity of post-processing.
The method based on object detection uses coordinate regression to detect the bound-
ary box position of the lane line. For example, VPGNet1 uses an improved vanishing
point location method to propose an end-to-end multi-task network [15], which can
identify lane lines in rainy and low-lighting weather conditions, but requires complex
post-processing operations such as point sampling, clustering and lane line regres-
sion. Reference [16] proposed a lane detection method based on spatiotemporal deep
learning, which used time and space constraints to narrow the scope of the search
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area and could accurately detect the lane boundary. However, its data flow and net-
work junction architecture were complex, and the preprocessing could not provide
effective results when the initial assumptions were not satisfied.

3. Model-based approach. It uses mathematical model to model the lane lines, and fits
the lane lines by solving the model parameters. In reference [17], segmented straight
line model was used to fit curved lane lines, heuristic search algorithm was used to
search lane boundaries in ROI, and the detected lane lines were fitted as continuous
smooth curves, which could well approximate curves. However, this method was only
applicable to lane lines with small curvature, and the detection effect of lane lines
with large curvature was not accurate enough. In reference [18], a hyperbola model
was used to fit the lane lines, so that the two hyperbola converged to the same point,
which effectively overcomed the problem of discontinuity of the linear and parabolic
models at the junction between the straight and the curve. However, its detection
effect was poor in bad weather or when there was interference from other vehicles.
Each mathematical model has its own advantages and disadvantages, and it is usually
not possible to perfectly fit the lane lines through only one model.

4. Method based on image segmentation. It marks the lane lines and background pixels
into different classes, and the detection results are in the form of pixel-level classifi-
cation. Compared with traditional methods, the detection effect is better and the ro-
bustness is better through end-to-end learning. Reference [19] proposed an improved
segmentation network (SegNet) algorithm, which used convolution and pooling to
extract lane features, and used connected domain constraints to achieve accurate seg-
mentation of lane lines in binary images, but its structure was complex and its real-
time performance was poor.

LaneNet4 is a lane detection method based on instance segmentation, with two de-
coders, one for segmentation and one for embedding,LaneNet can cluster each lane in the
training phase rather than the post-processing phase. CNN-LSTM [20] is a hybrid depth
network structure that combines CNN and RNN. Two layers of LSTM are added between
encoder and decoder, and time domain information is integrated. This method can also
achieve better performance under vehicle occlusion, shadow and bad weather conditions.
However, the combination of CNN and LSTM requires a large amount of computation.
The relevant MMA-Net algorithm in this paper belongs to the method based on image
segmentation, which uses 4-layer CNN as the encoder to extract the local and global
memory features of the lane lines. The Local and GlobalMemory Aggregation Module
(LGMA) is used to aggregate the local and global memory features of multiple layers
to enhance the features of the target frame. Finally, the results of lane segmentation are
predicted by the decoder. Aiming at the problems of low accuracy and high omission rate
of MMA-Net algorithm, this paper proposes a lane parallel detection network based on
multi-frame network feature fusion model and self-attention mechanism.

3. Proposed Lane Parallel Detection Network

The structure of lane parallel detection network based on image sequence in this paper is
shown in Figure 1, which is mainly composed of two network modules: multi-frame net-
work and single-frame network. Multi-frame network is used to extract time-domain fea-
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tures from multi-frame temporal images. The single frame network is based on the coding-
decoding model, which is used to extract the global semantic features of the current mo-
ment image, and output the final result through the fusion module and the up-sampling
module. Because of the parallel structure design, single-frame network and multi-frame
network are endowed with different information flows, so that multi-frame network can
learn multi-frame time domain characteristics. Single frame network can learn the spatial
semantic features of a single frame image, connect these features, and express the lane in-
formation more comprehensively. In addition, the relatively independent parallel network
structure is also convenient for structural tuning.

Fig. 1. Proposed network

The multi-frame network in this paper uses a lightweight skeleton network, which
takes the multi-frame images in the past, including the current frame, as the network
input. Since the introduction of multi-frame network will bring great computational com-
plexity, the low resolution input strategy is adopted. By reducing the input resolution of
the multi-frame image, the network computation load is obviously reduced and the net-
work computation time is shortened. After extracting the features of each image output by
skeleton network in different time domain, how to effectively fuse the features extracted
by each image becomes the main problem. In this paper, the ConvLSTM network mod-
ule is used to process these features, and the Long short-term memory network (LSTM)
[21,22] is used to process the key target feature information in the multi-frame feature
sequence while forgetting the unimportant feature information, so as to obtain the final
multi-frame time-domain feature.

The single-frame network in this paper is more complex than the multi-frame network.
This is because in reality, compared with the image frames at other moments in the past,
the image frames at the current moment contain more accurate semantic information, and
high-complexity network structures often have stronger generalization learning ability
and representation ability for semantic information [23]. Therefore, single-frame network
adopts more complex network structure and deeper network level to learn higher level
abstract features, and integrates feature information of different sizes through pyramid
module structure to obtain single-frame features.

A ConvLSTM fusion module (CLF) is designed to fuse the feature information of
single-frame network and multi-frame network. The single frame feature can be fused
with the complete multi-frame feature in time domain by means of channel connection.
Thus, it makes up for the lack of single-frame features in time domain information, and
single-frame features occupy more feature dimensions in the fused features. Ensure that
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the single frame feature can be used as the dominant feature in the fusion feature, and the
fusion feature can output the final fusion feature map through the up-sampling network.

3.1. Multiple Frame Network

In order to reduce the computational burden of multi-frame network due to the process-
ing of continuous multi-frame images, this paper adopts multi-resolution strategy, which
takes low-resolution continuous images as the input of multi-frame network. The high
resolution single frame image is used as the input of the single frame network. The fol-
lowing describes the influence of the image input resolution on the network computation
in neural networks when the resolution increases gradually. The classic Residual Network
with 50 Layers (ResNet50) [24] was used as the test object, and three conventional reso-
lution images were selected as the input. The image input resolution is linearly increased
by multiples based on 320x180. The influence of image input resolution on network com-
putation amount and frame number is shown in Table 1.

Table 1. Influence of image input resolution on network computation amount and frame
number

Resolution Network computation amount Frame/s

320× 180 392.3 151.1
480× 270 758.6 123.6
640× 360 1336.7 91.9

As can be seen from Table 1, the increase of image input resolution is not equivalent
to the linear growth of network computation amount, but increases in accordance with the
exponential trend. At the same time, it is found that the more the number of channels in
the network layer, the greater the increase of the computation. Therefore, by reducing the
resolution of the image input, the computation amount of the network can be effectively
reduced, and the saved computation amount can be exchanged for the application of more
complex and deeper network structure, so as to make up for the loss of image details
caused by the resolution. When focusing on semantic segmentation problems such as lane
lines, reducing the resolution can also dilute some unimportant background details and
highlight the difference between lane lines and background. Therefore, it is reasonable
and desirable to reduce the resolution to some extent.

In this paper, a multi-frame network is parallel to a single-frame network. In order
to reduce the computational burden caused by the introduction of multi-frame network
and achieve better network performance, the second edition of efficient spatial pyramid
is selected after analyzing the existing lightweight neural networks network (ESPNetV2)
serves as a skeleton network for multi-frame networks. Compared with Image Cascade
Network (ICNet) [25], Efficient Residual Factorized Convolutional Network (ERFNet)
[26] and the Second Edition of Mobile Vision Convolutional Network [27], the number
of floating point operations per second of ESPNetV2 decreases to [1/9−1/12], and the ac-
curacy decreased by only 2%-4%. ESPNetV2 network further optimizes the convolution
mode of ESPNet, reduces the number of training parameters of the network by point-
group convolution and void depth-separable convolution , while maintaining the original
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network structure similar to spatial pyramid [28], and proposes the highly efficient spatial
pyramid module (EESP).

The EESP module is mainly based on the block convolution principle and spatial
pyramid theory. Firstly, the dimension of the input features is reduced by Group Convo-
lution (GConV), and then the Depthwise Separable Convolution (DSConV) operation is
performed by using Convolution of different scales to verify low-dimensional features.
Finally, the features are concatenated by element summation. The specific structure of the
module is shown in Figure 2.

Fig. 2. Structure of EESP module

The EESP module replaces conventional convolution by grouping convolution and
depth-separable convolution respectively, which can effectively reduce the computational
cost of convolution operation. The features are convolved by expanding convolution ker-
nels with different scales in Hierarchical Feature Fusion (HFF) module. The local feature
information and global feature information under different receptive fields are fused by
summing element by element. The information receiving field of the whole network is
expanded, so as to effectively improve the detection effect. At the same time, the overall
module network structure of EESP is similar to the spatial pyramid structure, so that the
network has stronger semantic information and enriches the receptive field.

The ESPNetV2 skeleton network is constructed based on the EESP network mod-
ule. After initial convolution, the skeleton network structure is divided into four spatial
levels. Each space level employs one or more EESP network modules. After analyzing
the original network structure, this paper finds that the original skeleton structure applies
multiple EESP modules to the same scale in Part 2 and Part 3, and a large number of
repeated convolution operations will repeatedly extract feature information, resulting in
certain information redundancy. Therefore, in this paper, the number of EESP modules in
part 2 and part 3 of the skeleton network is further compressed, and finally two and four
EESP modules are adopted, respectively, to further reduce the computational burden of
multi-frame network. The skeleton network structure of the final multi-frame network is
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shown in Table 2. Each temporal image will pass through the skeleton network to extract
features and obtain multi-frame feature sequences.

Table 2. Backbone network structure of multi-frame network

Layer Number Output size

Convolution 1 112× 112
Strided EESP 1 56× 56
Strided EESP 1 28× 28
EESP 2 28× 28
Strided EESP 1 14× 14
EESP 4 14× 14
Strided EESP 1 7× 7
EESP 3 7× 7

When feature sequences are obtained through multi-frame network, how to extract
the target feature information that changes in time domain from feature sequences. To
effectively ignore the background features that do not change much, that is, how to ab-
stract features selectively is very important for segmentation target. Therefore, this paper
studies the characteristics of RNN and introduces LSTM network module to obtain target
feature information selectively. As a special form of RNN, LSTM uses three different gate
functions to extract long-term features, which are the input gate that controls the addition
of new information, the forgetting gate that controls the passage of information, and the
output gate that determines the output of information.

In this paper, the gate mechanism of LSTM is used to process multi-frame feature
sequence, and the target feature information in multi-frame feature sequence is extracted
according to the time domain. At the same time, the unimportant feature information is
forgotten. However, LSTM is a fully connected network model, which will lead to extra
time consuming. In this paper, the ConvLSTM structure is adopted, and the convolution
operation is used to replace the matrix multiplication operation in each gate function, so
as to capture the potential spatio-temporal features in the temporal features. Convolution
is also more effective and easy to understand the image feature extraction, effectively
improve the image feature processing speed and adaptability to feature maps. A regular
ConvLSTM memory unit is computed at time t as follows.

it = σ(Wxi ×Xt +Whi ×Ht−1 +Wco × Ct−1 + bi). (1)

ft = σ(Wxf ×Xt +Whf ×Ht−1 +Wcf × Ct−1 + bf ). (2)

Ct = ft × Ct−1 + it tanh(Wxc ×Xt +Whc ×Ht−1 + bc). (3)

ot = σ(Wxo ×Xt +Who ×Ht−1 +Wco × Ct−1 + bo). (4)

Ht = ot × tanh(Ct). (5)
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Where, it represents the exit entry at time t. ft represents the forgetting gate at time
t. Ct represents the ConvLSTM cell state at time t. ot represents the output gate at time
t. represents the state of the hidden layer at time t. σ stands for sigmoid function. tanh
is the hyperbolic tangent function. × denotes the convolution operation. Xt represents
the input feature at time t. Wxi represents the weight matrix of input Xt under the input
gate. bi represents the offset value under the input gate. In general, Ct changes slowly. Ht

varies a lot from node to node.

3.2. Single Frame Network

Since the single frame feature at the current moment needs to be the dominant feature, the
skeleton network of the single frame network needs to use a more complex network struc-
ture to improve the generalization learning ability and representation ability of features.
In this paper, classical neural networks such as ResNet, VGG16-BN and GoogleNet are
selected as the skeleton network of single-frame network, and the fully connected layer
in the network structure is removed.

The number of channels in the output feature map of different skeleton networks is
different. In order to keep the output feature map of the single-frame network and the
multi-frame network have the same scale and equal ratio of channels, and strengthen the
feature information of the single frame feature at different scales, the multi-scale feature
enhancement structure [29] is added after the single-frame skeleton network, and the fea-
ture information is enhanced at three different scales. After using the enhanced structure,
each spatial location can view the local environment in different scale space, further ex-
pand the information receiving domain of the whole network, and improve the effect of
lane detection.

The ConvLSTM fusion module (CLF) is designed to effectively fuse the single frame
features and multi-frame features extracted through parallel network. As shown in Figure
3, CLF first up-samples the multi-frame feature map to restore the feature map size to
the same size as the single-frame feature. Then 1x1 convolution kernel is used for single-
frame features and multi-frame features to smooth features. Then, multi-frame features
and single-frame features are fused by channel connection, in which single-frame features
occupy more feature dimensions in the fused features and serve as the dominant features.
Finally, the fused features were activated at the site to the reasonable Satisfaction Linear
Unit (ReLU) to reduce the interdependence between parameters.

Fig. 3. CLF structure
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3.3. Self Attention Mechanism

Self-attention mechanism can effectively capture the relevant information of internal fea-
tures. The self-attention mechanism is used to automatically learn the context information
of the users in the group and the influence of other users, which can solve the problem
of dynamic complexity of the members in the group. The structure of the self-attention
mechanism is shown in Figure 4. For the analysis of one module, c1 represents the con-
text information vector representation of the first user u1. u2, · · · , un stands for other user
vector representation. According to the context information of the user and the embed-
ding vector of the user into a matrix U1 = [c1, u2, u3, · · · , un], U1 ∈ Rd. d represents the
embedding vector dimension of the user, and other modules learn in the same way. The
input to the self-attention mechanism used in this article consists of query, key, and value.
The input of query, key and value is composed of the matrix U1 formed by embedding
vectors of user and context information, and the three are equal, and the output is the final
weighted Au,i. The specific calculation steps are as follows:

Fig. 4. Structure of self attention mechanism

Project the input query and key into the same space and introduce nonlinear functions
to learn Q and K.

Q = σ(U1 ·Wa). (6)

K = σ(U1 ·Wk). (7)

Where σ is the Relu activation function. Wa = Wk is the weight matrix of Query and
key respectively, Wa = Wk ∈ Rd × d.

This paper uses the compressed inner product attention function. The results in (1) are
multiplied to get the corresponding weight matrix B1, and then normalized.

B1 = σ(
Q ·KT

√
d

). (8)

Where σ is the softmax function. The scale operation uses
√
d to expand and shrink

attention to desaturate the function value to avoid too low gradient. Secondly, through
mask operation, the diagonal elements of the matrix are hidden to avoid high matching
scores between the same vectors of Query and key.

The weight matrix B1 can be obtained from Equation (8), and the group matrix rep-
resents Au,1 by multiplying the weight moment B1 and value obtained. In this method,
the user context information and user information are concatenated into a matrix U1 and
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the final weighted output is learned by the self-attention mechanism to obtain the group
representation Au,1.

Au,1 = B1 · U1. (9)

Where U1 is the matrix spliced by the context information vector of u1 and other
member user vectors in the group. B1 is the weight matrix obtained by compressing the
inner product attention function. The above is the first module that integrates contextual
information to obtain group representation Au,1 through self-attention mechanism learn-
ing. Other modules learn in the same way, that is, n groups can be obtained, representing
Au,2, · · · , Au,n.

3.4. Model Optimization

Bayesian personalized ranking (BPR) establishes a triplet model for users and items. As-
suming the user views the positive items, the user must prefer the items he sees to the
negative items he does not see. Therefore, the sorted items of positive items are better
than the negative items. The BPR optimization objective is to perform the optimal per-
sonalized ranking based on the maximum a posteriori estimator, and its formula is as
follows:

L = argmin
∑

(g,j,k)∈DS

− lnσ(Xu,a(θ)−Xu,b(θ) + λ||θ||2). (10)

Where (g, j, k) belongs to the triplet of set DS and contains all pairs of positive and
negative items of each user. Xu,a represents the predicted score of user u for Project a.
Xu,b represents user’s prediction score for project b. σ is the sigmoid function. λ is the
regularization parameter. is the model parameter.

This paper takes BPR as the basis of model learning, treats a group as a user, uses
BPR algorithm to make recommendations, and then uses matrix factorization method.
Therefore, the objective function of this paper is:

L = argmin
θ

∑
(g,j,k)∈DS

− lnσ(g1 · va − g1 · vb + λ||U ||2 + λ||C||2). (11)

Where g1 represents the group representation of the mean embedding. U and C are
parameters which represent the set of user latent vector and user context vector, respec-
tively. g1 · va represents the group’s predicted score on a. g1 · vb represents the group’s
predicted score on b. (g, j, k) belongs to the triplet of set DS , including all pairs of positive
and negative items of each group.

3.5. Up-sampling Network Structure

As a decoding network, the up-sampling network uses the underlying features to recover
the target information by up-sampling. The up-sampling network in this paper adopts the
same decoding structure as LaneNet. LaneNet consists of four convolutional layers and
one up-sampling layer. The up-sampling layer smooths the sampled feature map through
the up-sampling algorithm of bilinear interpolation. Finally, the fused feature map is en-
larged to the same size as the input feature map, and this feature map was output as the
result feature map.
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4. Data Enhancement and Model Training Strategy

4.1. Data Enhancement

In this paper, network training is based on TuSimple road data set [30], and the data set is
enhanced accordingly. The TuSimple road dataset contains a total of 6570 groups of lane
line image sequences. Each sequence contains 20 consecutive frames of images acquired
within 1s. All images are based on the foreground view of the car. The original resolution
of each frame is 1280 × 720. For each set of image sequences, only the last 20 frame
image marks the true lane line label. In TuSimple dataset, 3626 sets of image sequences
are used as the training set and 2944 sets of image sequences are used as the test set,
including different time periods during the day, different number of lanes and various
traffic conditions. To a certain extent, it is in line with the realistic road situation.

In order to avoid over-fitting and improve the performance of the dataset, data en-
hancement was performed on the dataset. According to the network structure in this paper,
for each group of image sequence, 4 images are sampled from the 20 consecutive frames
at different intervals, and a group of training data is composed by combining the label
images. The road images collected by the camera at different speeds can be simulated by
acquisition at different intervals. In this paper, 1, 2, 3, 4 and 5 frames are respectively used
as sampling benchmarks, and this standard is applied to each group of image sequences.
The sampling methods of continuous ton images are shown in Table 3.

Table 3. Sampling of continuous frame image

Sampling interval The sampling frame

1 17,18,19,20
2 14,16,18,20
3 11,14,17,20
4 8,12,16,20
5 5,10,15,20

After the above processing, 5 times of the original data set image sequence data is
obtained. In order to further improve the diversity of training data, image horizontal flip is
used for data enhancement. Aiming at the ratio of 0.55:0.45 in the training set and test set
on the original data set, the more commonly used ratio of 0.8:0.2 is used to construct the
training set and test set. Finally, a training set including 51260 groups of image sequences
and a test set containing 12820 groups of image sequences were constructed.

In order to test whether the proposed network can effectively cope with complex
scenes such as lane occlusion and light shadow, 540 groups of complex image sequences
were further selected from the test set as the complex test set for subsequent experiments,
including 435 groups of lane occlusion image sequences and 105 groups of light shadow
image sequences. In addition, in order to improve the training speed, 640× 360 is finally
selected as the basic resolution.
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4.2. Training Strategy

After the parallel network structure is established in this paper, the design of reasonable
training strategy is also a key part of neural network training. In order to effectively ex-
tract the features of the lane model through continuous update and learning of network
parameters, gradually reduce the error value with the real label, and finally achieve the
effect of separating the lane line from the background, this paper formulated the training
strategy as follows.

1. Consider the initialization of network parameters. The methods of network parame-
ter initialization mainly include network pre-training parameter initialization, random
parameter initialization and fixed value parameter initialization. Because the network
in this paper adopts parallel network structure design, the initialization parameter
strategy will be different. For the skeleton network of a single frame network, the
pre-trained parameters of the network model on the ImageNet dataset are used for
parameter initialization. For the convolutional layer in the multi-frame network, the
Kaiming normal distribution initialization algorithm is applied to initialize the pa-
rameters of the convolutional layer. For the Batch Normalization (BN) layer in the
multi-frame network structure, according to the initialization method in reference
[31], the weight value and bias value are filled with fixed 1 and fixed 0, respectively

2. In this paper, the network adopts Stochastic Gradient Descent (SGD) as the optimiza-
tion algorithm, with the initial learning rate=0.03, weight decay = 5e−5, and mo-
mentum parameter=0.9. The learning rate strategy selects Poly as the way to adjust
the learning rate. The logarithmic function makes the learning rate decay according
to the number of cycles, which avoids the problem that the learning rate is too large
to converge in the later stage of neural network training.

3. Weighted cross-entropy is used as the loss function of the network in this paper, which
has considerable effect on image classification and segmentation. According to the
idea of classification, the cross drop loss function first makes class prediction for
each pixel of the segmented image, then calculates the loss value of a single pixel
by comparing the prediction results with the label pixels, and finally calculates the
average value of the total loss value of all pixels. Therefore, each pixel can be learned
by the network and continuously improve the output result, but such loss function can
not be directly used to deal with the lane segmentation problem. This is because in the
actual image, the background pixels are far more than the lane pixels, which leads to
the category imbalance in the learning process, making the final loss value dominated
by the background category, and the lane features are difficult to be learned by the
network. With different categories in order to solve this problem, can be obviously
improved by means of weighted study effect, loss of background value multiplied on
a smaller weight value, can significantly reduce background for the effects of loss
value, otherwise, the target class on a large weight value, increase the probability of
the target class are studied, the loss function are defined as follows:

Loss =
∑
x∈Ω

w(x) ln(pl(x)(x)). (12)

Where x represents the target category of segmentation. w(x) represents the weighted
value of the current category. pl(x) represents the probability that the network fits the
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predicted value l to the true value x which is calculated by KL divergence. If the
predicted value is close to the true value, the loss value is small. Otherwise, the loss
is greater. In this paper, the W-weighted value of the background class is set as 0.02,
and the W-weighted value of the lane line is set as 1.02.

5. Experiments and Result Analysis

The network in this paper is implemented based on Pytorch.1 and runs on 64-bit Ubuntu
18.04 system. In the computer hardware configuration: the processor is Intel 9700K CPU4.50
GHz; GPU is GeForceGTX-1080TI; The video memory is 11GB.

5.1. Evaluation Indexes

In order to comprehensively evaluate the network performance in this paper, the evalua-
tion indexes used in the experiment are as follows.

Accuracy. Measurement of the proportion of the number of correctly classified pixels
in the total number of pixels:

Accuracy =
TP + TN

TP + TN + FP + FN
. (13)

Where TP represents the number of pixels correctly predicted as road labels and it is
defined as the true positive sample. TN denotes the number of pixels correctly predicted
as road labels defined as the true negative sample. FN denotes the number of pixels that
incorrectly predict a road label as a background label defined as a false negative sample.
FP represents the number of pixels that incorrectly predict the background label to be a
road label defined as a false positive sample.

The accuracy rate cannot accurately describe the lane detection accuracy in the actual
situation. This is because in ordinary road environment, most pixels are background pixels
rather than lane pixels. The extreme imbalance of this category leads to a high accuracy
in the image with fewer pixels to predict lane lines, even if all of them are predicted as
background labels. Therefore, in this paper, F1 is used to measure the comprehensive
performance of the network model for the single category of lane. As a model accuracy
index, the F1-measure evaluates the comprehensive performance of the network through
the weighted average of Precision and Recall. The detailed calculation is as follows:

F1 =
2P ·R
P +R

. (14)

P =
TP

TP + FP
. (15)

R =
TP

TP + FN
. (16)
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5.2. Skeleton Network Selection

In order to further verify that the network in this paper still plays a role when other single-
frame skeleton networks are used, VGG16-BN, GoogleNet, ResNet32 and ResNet50 are
selected as the skeleton networks of the single-frame network, and comparative experi-
ments are carried out. The experimental results are shown in Table 4. It can be seen from
the table that different skeleton networks have a certain degree of influence on the de-
tection effect. The index values of ResNet50 are the highest, followed by VGG16 and
ResNet32, and GoogleNet is the lowest.

Table 4. Experimental result comparison of different backbone networks

Backbone network Accuracy P R F1 Frame/s

GoogleNet 0.970 0.891 0.913 0.901 33.2
ResNet32 0.973 0.895 0.928 0.910 28.3
VGG16 0.975 0.905 0.929 0.918 22.6
ResNet50 0.984 0.914 0.948 0.928 19.9

Figure 5 shows the subjective detection results of different skeleton networks. As can
be seen from the figure, the subjective detection effect of ResNet50 and VGG16-BN is
better, and the edge of ResNet50 is finer. GoogleNet detection effect is poor, the edge is
rough, and the lane line is broken.

5.3. Network Structure Test

In this paper, the TuSimple dataset is enhanced by randomly dividing the dataset accord-
ing to the ratio of 0.8:0.2. But there is a definite chance of randomization. In order to
eliminate the contingency, the experiment uses the way of 5 fold cross validation to carry
out multiple tests. The original data set was divided into 5 groups, each group of subset
data was used as a test set, and the remaining 4 groups of subset data were used as train-
ing set. Finally, five model results were obtained. The results of these five models on their
respective test sets are calculated and the average value is calculated, which is used as the
performance index of the network in this paper. In cross-validation, 640× 360 is selected
as the input image resolution of single-frame network, and 320 × 180 is selected as the
input image resolution of multi-frame network.

The cross-validation results of the network in this paper are shown in Table 5. The
experimental data are relatively stable, and the floating range of all parameters is within
0.005, indicating the stability of the network in this paper.

In order to test the impact of the proposed multi-frame network on the performance
of the proposed single-frame network, the ablation experiment was further used to com-
prehensively test the network structure, using only the single-ton network, using only the
multi-frame network, and using the proposed network, respectively. The test results are
shown in Table 6. As can be seen from Table 6, compared with multi-frame network
and single-frame network, the proposed network achieves better results in all parameters,
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Fig. 5. Subjective results of different backbone networks

Table 5. Cross validation results of the proposed network

Cross validation Accuracy P R F1

1 0.985 0.919 0.942 0.931
2 0.985 0.921 0.941 0.931
3 0.985 0.918 0.937 0.928
4 0.984 0.913 0.943 0.928
5 0.985 0.916 0.936 0.927
Average 0.985 0.917 0.940 0.929
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which objectively verifies the effectiveness of the proposed network structure and indi-
cates that single-ton network can effectively improve network performance after adding
multi-ton network.

Table 6. Results of different network structures on test set

Network Accuracy P R F1 Frame/s

Single frame 0.981 0.885 0.916 0.893 29.1
Multi-frame network 0.976 0.828 0.892 0.857 44.5
Proposed 0.985 0.917 0.942 0.939 22.4

Figure 6 shows the subjective detection results of the three networks under three dif-
ferent scenarios: no lane line is blocked, there is lane line is blocked, and light shadow.
As shown in figure 6, in the image with no lane line blocked on the left, the three network
structures can effectively detect lane lines. But the details at the edges of this network are
smoother. In the image with blocked lane lines in the middle, the multi-frame network and
the proposed network can effectively detect the blocked lane lines due to the advantage of
image sequence, while the single-frame network has lane line breaks at the occlusion. In
the image of light shadow on the right, the lane line is discontinuous in both multi-frame
network and single-frame network, and the proposed network can still detect the lane line
effectively.

According to the above experimental data, because the multi-frame network adopts
lightweight skeleton network, the ability to learn lane features is not strong, resulting in
lane discontinuity and poor edge quality. Although the parameters of the single-frame net-
work are better than those of the multi-frame network, it lacks the time domain perception
ability of lane features in complex scenes such as lane occlusion and light shadow, and
the lane line discontinuity occurs at the occlusion. In this paper, the multi-frame network
module is added on the basis of the single-frame network, which not only strengthens the
generalization learning ability and representation ability of the single-frame network for
complex scenes, but also integrates the time-domain context features given by the multi-
frame network, and obtains the blocked lane features according to the RNN features in
the case of short-term occlusion.

From the above experimental results, it can be seen that compared with the indepen-
dent single-frame network and multi-frame network, the proposed network achieves better
detection effect in both subjective and objective evaluation.

5.4. Multiple Resolution Selection

A low resolution image input strategy is used in multi-frame networks to reduce network
computation. In order to test the influence of different input image resolutions on the
performance of the overall network, three different resolutions are selected as the input
image resolutions of the multi-frame network while keeping the resolution of the input
image of the single-frame network as 640× 360. The specific results are shown in Table
7.

As can be seen from Table 7, reducing the input resolution of the multi-frame network
will slightly reduce the network detection effect, but effectively reduce the running time
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Fig. 6. Subjective results of different network structures

Table 7. Experimental result comparison with different input resolutions

Resolution Accuracy P R F1 Frame/s

640× 360 0.982 0.918 0.941 0.928 21.1
480× 270 0.982 0.919 0.938 0.927 22.0
320× 180 0.982 0.914 0.937 0.925 22.7



Multi-frame Network Feature Fusion Model 1717

of the multi-frame network and improve the number of network calculations. Reducing
the input resolution will make the edge sampling less refined, and the edges of the longer
lane lines will be rougher, resulting in a slightly lower overall accuracy.

Figure 7 shows the subjective detection results under different input resolutions. As
can be seen from the comparison of the detected images in the figure, the subjective visual
gap is not obvious. In view of subjective and objective evaluation, 320 × 180 is finally
selected as the input resolution of multi-frame network.. The experiments in this section
also further show that the performance of multi-frame network has a positive influence
on the overall parallel network to a certain extent, and optimizing the performance of
multi-frame network can also improve the performance of parallel network in this paper.

Fig. 7. Subjective results with different input resolutions

5.5. Comparison with Advanced Networks

In order to further evaluate the proposed network, several existing neural networks that
also use VGGNet as the skeleton network are selected for performance comparison, in-
cluding SegNet, UNet, LaneNet, SegNET-CL and UNet-CL. In order to better evaluate the
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performance of the proposed network and other neural networks based on single frame
detection and multi-frame detection, the performance factors of skeleton network are ex-
cluded. The above networks are trained with the same training set, and tested with the
same overall test set and complex test set with lane line occlusion respectively. The ex-
perimental results are shown in Table 8 and Table 9, respectively.

Table 8. Performance comparison of different networks on TuSimple test set

Network Accuracy P R F1 Frame/s

LaneNet 0.981 0.875 0.916 0.893 30.1
UNet 0.982 0.888 0.910 0.899 20.0
SegNet 0.982 0.887 0.918 0.901 26.0
SegNet-CL 0.983 0.908 0.916 0.909 25.1
UNet-CL 0.983 0.899 0.927 0.912 19.1
Proposed 0.985 0.917 0.940 0.928 23.6

Table 9. Performance comparison of different networks on complex test set

Network Accuracy P R F1

UNet 0.978 0.831 0.853 0.841
UNet-CL 0.980 0.853 0.889 0.865
Proposed 0.982 0.878 0.901 0.887

It can be seen from Table 8 that, compared with the existing neural networks for
multiple single-frame detection, the proposed network can improve the accuracy, recall
and F1 metric by about 2% when the time complexity is slightly increased.

As can be seen from Table 9, when the difficulty of the dataset increases, the perfor-
mance index of each network decreases to a certain extent. But the accuracy rate of this
network is still high. This further illustrates the advantages of the network in this paper.
The reason is that the lane information in the image sequence is relatively continuous and
changes little, but the overall background changes are more dynamic and complex. In the
face of occlusion, it is difficult to accurately detect lane features in single frame detection.
Through multi-frame network, continuous and less variable features such as lane lines
have a higher probability to be detected.

Figure. 8 shows the comparison of subjective detection results of each network. Based
on the analysis of the actual detection effect, it can be concluded that the network in this
paper can still effectively remove the influence of occlusion when the lane line is suddenly
blocked in columns 2 to 6 in Figure 8. For complex scenes with varying light and dark
scenes such as column 4 and column 6 in Figure 8, the multi-frame features enhance the
semantic information of single frame features, so the detection effect is also better.

SegNetConvLSTM and UNet-ConvLSTM, which use the same network structure to
extract features for each image, weaken the most critical feature information of the current
frame and produce more redundant features. Therefore, excessive redundant features need



Multi-frame Network Feature Fusion Model 1719

Fig. 8. Subjective result comparison of different networks
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to be processed when using RNN to fuse features. This leads to a decrease in accuracy. In
this paper, by giving different information flow to single-frame network and multi-frame
network, and adopting skeleton network with different complexity, multi-frame network
can learn multi-frame time-domain semantic features. Single-frame network learns spatial
semantic features of a single frame image, which not only effectively reduces redundant
features, but also strengthens the interpretation of the network and extracts lane features
more effectively. According to the results in Tables 8 and 9, compared with the lane de-
tection network based on video streaming, the accuracy rate, recall rate and F1 measure
of the proposed network on the overall test set are all improved by about 1%. On the
complex test set containing only lane line occlusion, the performance improvement of the
proposed network is more obvious.

6. Conclusion

This paper proposes a parallel lane detection network based on image sequence. On the
basis of the single frame based on the original network parallel rise frame extraction net-
work, using RNN module containing the current frame and the frame more sequences
of time-domain characteristics, environmental context feature extraction and fusion, not
only effectively make up for the single frame network of temporal context information is
missing, also assist improve the lane line semantic information. Since the current frame
image is the most important temporal frame, compared with the multi-frame network,
the single-frame network adopts the skeleton network with higher complexity to improve
the generalization learning performance and representation ability of the current frame
features. Experiments show that the introduction of multi-frame network module in the
network of this paper has better performance index than using only single-frame network.
Due to the low resolution strategy, lightweight network structure and reuse of the feature
map of the past frame, the time of adding multi-frame feature module is only increased
by about 25%. Although the network in this paper can make up for the missing temporal
feature information of the single-frame network to a certain extent, it is still not suitable
for the situation that the lane line is blocked for a long time and the road light has many
shadows. In the subsequent research, the feature extraction and fusion of multi-frame net-
work and single-frame network and the optimization of long-term occlusion and other
complex actual scenes will be further studied, so as to make the spatial feature informa-
tion of single frame target more complementary to the temporal information of image
sequence.
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Abstract. At present, the network data under the environment of industrial infor-
mation physical system is larger and more complex. Traditionally, feature extrac-
tion by machine learning is cumbersome and computation-intensive, which is not
conducive to anomaly detection of industrial network data. To solve the above prob-
lems, this paper proposes a stacked denoised auto-encoding network based on kernel
principal component analysis for industrial cyber physical systems intrusion detec-
tion. Firstly, a novel kernel principal component analysis method is used to reduce
the data feature dimension and obtain a new low-dimension feature data set. Then,
a multi-stacked denoised auto-encoding network model is used to classify and iden-
tify the data after dimensionality reduction by voting. Experimental results show
that the proposed method has better classification performance and detection effi-
ciency by comparing the state-of-the-art intrusion detection methods.

Keywords: industrial cyber physical systems, intrusion detection, stacked denoised
auto-encoding network, kernel principal component analysis.

1. Introduction

With the development of industrial control system information technology, more and more
industrial control networks are connected with external public networks [1], forming an
open network of information sharing, resulting in the increase of global industrial control
network attack events. The risk root of industrial control system mainly includes the de-
fects of system protocol technology, the loopholes of industrial software and the congeni-
tal deficiency of hardware design. And the industrial network traffic has the characteristics
of stability, correlation, self-similarity and the difference between the network protocol
technology and the general protocol, so that the traditional network anomaly detection
scheme cannot be simply transplanted into the industrial network [2,3]. The methods of
industrial intrusion detection are mainly misuse intrusion detection and abnormal intru-
sion detection. Misuse intrusion detection technology is a kind of model based on known
intrusion behavior data, and then matches all the newly accessed data, and determines
that the matched data has the intrusion behavior. Therefore, the misuse of intrusion detec-
tion technology can accurately describe the characteristics of attack behavior, reduce the
false alarm rate of the system, but it can improve the missing alarm rate. The abnormal
intrusion detection technology is a model based on the data of normal behavior, and then
matches all the new access technology, and determines the data of matching as normal
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behavior [4]. This abnormal intrusion detection technology reduces the false alarm rate,
but increases the false alarm rate at the same time.

In the application of industrial intrusion detection, attack types emerge one after an-
other. At present, scholars have carried out many researches on invasion attack and secu-
rity protection. The used algorithms include statistics-based [5], rule inference-based [6]
and neural networks-based methods [7]. Shang et al. [8] selected Modbus/TCP function
code as the research object, combined with SVM (Support Vector) Machine), he proposed
a Modbus/TCP communication function code sequence anomaly detection method based
on SVM, which realized the identification of attack behavior and anomaly behavior that
firewall and intrusion detection system could not identify. But the study did not involve
learning from new data later on. Therefore, the complexity of industrial network environ-
ment cannot be satisfied. Wan et al. [9] proposed a Modbus/TCP communication access
control method based on function code deep detection based on deep packet resolution
technology without changing Modbus/TCP protocol, which not only realized traditional
function code and address range detection, but also realized range detection. However,
the system used fixed protocol to match, and also had poor learning ability, which could
not meet the complexity and expansibility of industrial network. The intrusion detection
system designed by Ferrag et al [10] analyzed the telemetry data in the industrial con-
trol network and used the REPTree decision tree algorithm to identify the communication
between different machines according to the hop number of the data propagating in the
network, so as to distinguish the attacker and the engineer machine inside the network.
This method could effectively identify the threats within the network. Ocaa et al. [11]
converted Modbus RTU/ASCII data in the industrial control network to Modbus/TCP.
Then it used the improved Snort software for threat analysis, it could effectively protect
against denial of service, response injection, command injection and reconnaissance at-
tack. Finally, the detected data was converted to the original Modbus RTU/ASCII format
again. But this method could not effectively solve the attack of fake data injection in in-
dustrial network. Tong et al. [12] proposed two OCSVM intrusion detection algorithms
to be applied in fault detection, and the Gaussian kernel parameter optimization models
were DFN and DTL, respectively. In the application of fault diagnosis, it could effectively
detect various types of faults and improve the accuracy. But the false detection rate had
also increased significantly. This paper proposes a stacked denoised auto-encoding net-
work based on kernel principal component analysis for industrial cyber physical systems
intrusion detection. It shows a better detection efficiency compared with other methods
through experiments.

This paper is organized as follows. In section 2, we give the related works. Section
3 detailed shows the proposed intrusion detection method. Experiments and analysis are
displayed in section 4. There is a conclusion in section 5.

2. Related Works

In recent years, with the rapid development of automation control and communication,
computer and other related technologies, the theory and application of cyber physical sys-
tems (CPS) have also been developed rapidly [13]. CPS integrates computer, communi-
cation network and control technology efficiently, so that the physical system is equipped
with precision control, remote collaboration and autonomy. CPS is applied to industry,
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forming industrial cyber physical system systems (ICPS), which is widely used in key
fields such as intelligent energy, intelligent mobility and intelligent manufacturing [14].
ICPS requires carrier-level quality of service for bearer networks, and puts forward higher
requirements for network security, reliability, controllability and manageability [15].

The network security of communication bridge is particularly important. Intrusion
Detection Systems (IDS) is another network security barrier of ICPS after network fire-
wall. It mainly detects internal and external attacks through monitoring and analyzing
activities on host or network [16]. Intrusion detection technology can be divided into two
types. One is network-based IDS, which captures the communication data packets be-
tween the main control center and the site or on-site devices to evaluate whether the data
poses threats to the system. According to different traffic characteristics, the detection
model is established and the abnormal behavior of the system is detected. The other is
application-based IDS. ICPS stores control and measurement data generated by sensors
and actuators in a history server. Application-based IDS reads the application data of the
history server to detect whether the system is attacked [17]. Since the information source
of IDS based on ICPS application can be collected from different remote field devices
such as programmable logic controllers and remote terminal units. Therefore, IDS based
on ICPS applications can be deployed in a variety of ways, such as on history servers,
standalone servers, and off-line servers.

At present, most of the intrusion detection systems of ICPS use the traditional machine
learning methods to extract useful information from labeled data sets to train the detec-
tion model. However, the high-speed interconnection between devices in today’s network
environment leads to massive data, which brings new challenges to IDS design. How to
realize stable and efficient intrusion detection in the network environment with massive
data is the primary problem in the current research. Abbasi et al. [18] proposed a sensor
cloud intrusion detection algorithm based on parallel discrete optimization feature ex-
traction and machine learning method in fog computing mode to effectively improve the
success rate and miss rate of anomaly detection in view of large-scale high-dimensional
data and variable intrusion behavior of sensor cloud. Wook et al. [19] proposed a new
method based on partial least squares (PLS) and core vector machine. PLS algorithm
was used to extract the principal component of network data to construct feature set, and
then CVM was used to complete abnormal intrusion detection and judgment. This method
could deal with large-scale data quickly. Hadeel et al. [20] proposed a feature selection pi-
geon optimizer algorithm for intrusion detection systems. The algorithm performed well
in true positive rate (TPR), false rejection rate (FRR), accuracy (Acc) and F-measure.
Guo et al. [21] proposed a one-class SVM based on incremental single-class support vec-
tor machine. OCSVM algorithm was used to learn the normal behavior communication
mode from Modbus/TCP data information, and the current training sample set was re-
duced by using adjacent classification interval and KKT condition. The reduced samples
were trained again to improve the incremental learning speed of intrusion detection sys-
tem while ensuring higher classification accuracy. Lv et al. [22] proposed a new intrusion
detection model based on optimal mixing and functional extreme learning machine. This
method used gravity search algorithm and differential evolution algorithm to optimize
the parameters of hybrid kernel extreme learning machine, so as to improve the global
and local optimization ability in the process of attack prediction, and introduced kernel
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Fig. 1. Framework of ICPS intrusion detection model based on KPCA-SDAE

principal component analysis algorithm to reduce the dimension and feature extraction of
intrusion detection data, with high detection accuracy and time saving.

The above methods can improve detection accuracy and other performance from dif-
ferent perspectives, but the following problems need further study. First, the network data
in ICPS presents complex nonlinear relations, resulting in low correlation between feature
attributes in the data set. Therefore, they are not suitable to use traditional linear dimen-
sionality reduction strategies such as Principal Component Analysis (PCA) and Linear
Discriminant Analysis (LDA) to screen out highly relevant features. Second, network
data in industrial scenarios are faced with more severe noise interference than traditional
IT networks, which may lead to data redundancy or even some missing attribute values.
The above methods cannot effectively solve these problems. Therefore, this paper studies
a deep learning hybrid strategy detection model to enhance the anti-jamming ability of
the system. The improved KPCA is introduced as the data dimension reduction model for
the system to enhance the robustness of the acquired data. Integrated learning method is
used to integrate stacked denoised auto-encoding network with different structures, and
softmax classifier is used to classify and identify the data after dimensionality reduction,
so as to reduce the dependence of system performance on the parameter structure setting
of a single deep belief network.

3. ICPS Intrusion Detection Model Based on KPCA-SDAE

KPCA structure and stacked denoised auto-encoding (SDAE) network model are used to
construct ICPS intrusion detection framework, namely, KPCA-SDAE, as shown in Figure
1.

In the training stage, the original communication traffic data obtained from SCADA
system is preprocessed, and then imported into KPCA model for feature extraction and
data dimension reduction. Then, it adds labels to the data after dimensionality reduction
as training samples of SDAE. Then Bagging technology is used to divide the training
data. The KPCA-SDAE model is constructed by using the data of different groups to
train multiple SDAE networks and fix the parameters of SDAE model. The parameters of
KPCA-SDAE model are adjusted by supervised learning algorithm.

In the test phase, the preprocessed data is fed into the KPCA-SDAE model. After
the output layer, the binary classification or multiple classification is realized by Soft-
max classification, and finally the Voting mechanism is adopted to determine the final
predicted value. The performance of the intrusion detection algorithm is evaluated by
ACC and FN. The main components of ICPS intrusion detection model based on KPCA-
SDAE are KPCA data dimension reduction model and ensemble classifier construction,
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Fig. 2. PCA process

in which KPCA data dimension reduction model is mainly used to eliminate data re-
dundancy and conduct data dimension reduction processing, and ensemble classifier con-
struction is mainly used to classify and identify processed data.

3.1. Dimension Reduction Optimization Based on KPCA

Basic theory of principal component analysis (PCA).
Assuming that m samples have been selected and each sample contains d variables

(d-dimensions) [23], the sample matrix can be expressed as:

xd×m = [x1, · · · , xj , · · · , xm]. (1)

The j− th sample is xj = [xj
1, x

j
2, · · · , x

j
d]

T . The basic principal component analysis
is how to project sample points onto a hyper-plane, and make the projection of sample
points as separate as possible on this hyper-plane, so as to find the dominant direction. Let
the projection of our sample point xj onto our new space be UTxj . UT is the projection
coefficient matrix. In order to keep the projection of the sample points as separate as
possible, the variance of the sample points after projection should be maximized, as shown
in Figure 2.

The variance of sample points after projection is
∑m

j=1 U
Txj(xj)TU , so the projec-

tion matrix must satisfy:

max
U

tr(UTXXTU), s.t.UTU = I. (2)

Formula (2) can be obtained by Lagrange multiplier method.

XXTui = λiu
i(i = 1, 2, · · · , d). (3)

The eigenvalue decomposition of Equation (3) is carried out, and the obtained eigen-
values are sorted from large to small λ1 > λ2 > · · · > λd. Then it takes the eigenvectors
corresponding to the first d′ eigenvalues to form the reconstruction space. d′ value can
be selected according to the minimum dimension established by the following formula of
reconstruction threshold t [12].
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∑d′

i=1 λi∑d
i=1 λi

≥ 1. (4)

KPCA.
It is obvious that PCA method directly discards feature vectors after in the process of

spatial reconstruction, ignoring a lot of information. And from high dimensional space to
low dimensional space, it is a linear mapping, so it has certain limitations. Kernel principal
component analysis [24] in nonlinear dimensionality reduction is one of the effective ways
to solve this problem.

To introduce the kernel method, the following transformation is performed on Equa-
tion (3).

(

m∑
i=1

ziz
T
i )u

i = λiu
i. (5)

Where zi is the image of sample point xi in higher dimensional feature space. It can
be known from Equation (5).

uj =
1

λi
(

m∑
i=1

ziz
T
i )u

j =

m∑
i=1

ziα
j
i . (6)

Where αj
i =

zT
i uj

λj
. Suppose zi = φ(xi), so equation (5) is transformed into:

(

m∑
i=1

φ(xi)φ(xi)T )uj = λju
j . (7)

Equation (6) is transformed into:

uj =

m∑
i=1

φ(xi)αj
i . (8)

By introducing the kernel function,

κ(xi, xj) = φ(xi)Tφ(xj). (9)

After substituting Equation (8) and Equation (9) into Equation (7), we can get,

Kαj = λjα
j . (10)

Where αj = [αj
1, α

j
2, · · · , αj

m]2. The kernel matrix K is:

K =

 κ(x1, x1) · · · κ(x1, xj) · · · κ(x1, xm)
... · · ·

... · · ·
...

κ(xm, x1) · · · κ(xm, xj) · · · κ(xm, xn)


It is obvious that Equation (10) is the eigenvalue solution problem. After obtaining

the eigenvalue and eigenvector of Equation (10), the following optimization design space
can be reconstructed.
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Reconstructing and optimizing the design space based on KPCA.
According to the above theory, for any sample x, after its projection, the j-dimension

coordinate in the new design space is:

zj =

m∑
i=1

αj
iκ(x

i, x). (11)

The following kernel function is used in this paper.

κ(xi, xj) = (xi)Txj . (12)

Reconstruct the design space and substitute Equation (11) into Equation (10), we can
get,

zj = (

m∑
i=1

uj
i (x

i)T )x. (13)

Therefore, the relationship between any sample x and the projected coordinate can be
written in matrix form, i.e,

Z = Ax. (14)

Where Z = [z1, z2, · · · , zd]T . The coefficient matrix A is:

A =


∑m

i=1 α
1
ix

i
1 · · ·

∑m
i=1 α

1
ix

i
d

... · · ·
...∑m

i=1 α
d
i x

i
1 · · ·

∑m
i=1 α

d
i x

i
d


Multiply both sides of equation (14) by A−1, we can get the following formula,

x = A−1Z. (15)

It is obvious that equation (14) establishes the mapping relationship between the orig-
inal variable and the projected variable. Equation (15) gives the mapping relationship
between projection variables and original variables, which is the key to optimize the de-
sign space after dimensionality reduction. The two relations can be used to reconstruct the
optimization space and search for optimization in the reconstructed optimization space.
Then the optimization results are re-mapped back to the original optimization space.

The dimension reduction optimization algorithm based on linear kernel principal com-
ponent analysis is shown in Algorithm 1.

3.2. SDAE Network

Auto-encoding (AE) network [25] belongs to the non-recurrent neural network in feed-
forward neural network, which is a 3-layer unsupervised learning network, including en-
coder and decoder, as shown in Figure 3.

The encoder transforms the input sample xi(i = 1, 2, · · · , n), where n is the sample
number, into a lower-dimensional space through the activation function h(·).
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Algorithm 1 Linear kernel principal component analysis.
1: Input. Get sample matrix Xd×m = [x1, · · · , xj , · · · , xm]. And it is normalized and decen-

tralized to form standardized data.
2: Output. Optimized solution.
3: Calculate the kernel matrix K corresponding to the sample matrix using the above standardized

data. The eigenvalues and eigenvectors of the matrix are obtained by eigenvalue decomposition.

4: Order the eigenvalues corresponding to the above determined eigenvectors from large to small,
and determine the reconstruction threshold.

5: Use the sorted feature vectors in (3) to calculate the coefficient matrices A and A−1.
6: The original design space was reduced in dimension, and the design variables after dimension

reduction were optimized.
7: End

Fig. 3. AE network structure

y = h(xw + b). (16)

Where y is the output matrix of the hidden layer. x is the input sample matrix, x =
[x1, x2, · · · , xn]. w is the weight matrix of the encoder. b is the bias matrix of the encoder.

The decoder inverts the signal y from the low-dimensional space to the high-dimensional
space through the activation function f(·), and then reconstructs the input sample.

z = f(x) = f(h(xw′ + b′)). (17)

Where z is the reconstructed sample matrix, z = [z1, z2, · · · , zn]. zi is the input
sample of reconstruction. w′ is the weight matrix of decoder. b′ is the bias matrix of the
decoder.

In practical application, the training samples are often mixed with noise, resulting in
the deviation of features acquired through AE network learning. Denoised auto-encoding
(DAE) network adds noise to AE network and extracts more robust features by learning
noisy data [26]. DAE network structure is shown in Figure 4. Conditional distribution CL

is introduced, and the probability of damaged samples is given to obtain the input sample
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Fig. 4. DAE network

Fig. 5. DAE network

matrix x′ after adding noise. The loss function L(x, z) is used to calculate the reconstruc-
tion error, and the effective features of the input samples are extracted by minimizing the
reconstruction error.

In order to extract deep features of input samples, DAE is stacked layer by layer with
deep network structure to form SDAE network, as shown in Figure 5. The input of the
hidden layer of the next DAE network is the output of the hidden layer of the previous
DAE network, and the network uses unsupervised learning to complete the stacking pro-
cess. SDAE network, as an unsupervised learning network, can extract deep features of
input samples and carry out feature coding, but cannot classify samples. Therefore, the
Softmax classifier [27] is added to the last layer of the SDAE network to make the entire
network as a supervised learning network.

3.3. Classifier Construction Based on a Novel Bagging Algorithm

DBN (deep belief network) structure is introduced to classify and identify the KPCA
model data after dimensionality reduction. Although DBN has strong ability of feature
extraction and data mining, it requires artificial selection for the optimal structure (includ-
ing DBN network layer number and node number) and the optimal parameters (includ-
ing vector, momentum, etc.). Even the optimal structure of DBN is not fixed. Therefore,
the optimization of DBN structure and parameters is a time-consuming process. There-
fore, ensemble DBN (EDBN) uses parallel integration of multiple DBN structure learning
models to avoid spending a lot of time on DBN structure selection and parameter adjust-
ment, which can effectively reduce the dependence of detection model on the optimal
parameters of a single DBN model.

DBN is composed of a series of Restricted Boltzmann machines (RBM) and reverse
transmission stacked neural networks. The training steps of DBN model are as follows:

1) Low-level DBN training.

– Initialize model parameters.
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Let the initial value of the weight in parameter θ1 = (W1, a, b1) of the model be
W1 ∈ (0, 1). The initial value of both visible layer bias a and hidden layer bias b1 is
set to 0.

– DBN contrast divergence algorithm.
First, compute the hidden layer output forward. Let V = (vc11 , vc12 , · · · , vc1k ) be the
c1−th updated input value in the visible layer. wi,1j is the connection weight between
the i− th neuron in visible layer V and the j− th neuron in the forward hidden layer
H1, where,

h1j =

k∑
i=1

vc1i wi,1j + b1j . (18)

Neuron h1j of the hidden layer is activated at the c1 − th update, that is, the output
value of the hidden layer is,

P (hc1
1j = 1|vc1i ) = S(hc1

1j). (19)

Second, reverse reconstruct the visibility layer output. The output of the hidden layer
reconstructs the input of the visible layer. At the c1 − th update, the input value of
neuron vc1i reconstructed in the visible layer is:

vc1i′ =

l1∑
j=1

S(hc1
1j) + ai. (20)

Similarly, the probability that neuron vi of the reconstructed visible layer is activated
at the c1 − th update is the output value of the reconstructed visible layer.

P (vc1i′ = 1|hc1
1j) = S(vc1i′ ). (21)

Third, reconstruct the output to the front hidden layer. The hidden layer continues to
be reconstructed from the output of the reconstructed visible layer. The probability
that neuron h1j of the hidden layer is activated again, namely, the output value of the
forward hidden layer after reconstruction is,

P (hc1
1j = 1|vc1i′ ) = S(hc1

1j). (22)

Where hc1
1j′ =

∑l1
i=1 S(v

c1
i′ )wi,1j + b1j represents the input after the reconstruction

of the forward hidden layer at the c1 − th update.
Fourth, update model parameters. After the visible layer and hidden layer are recon-
structed, the updated model parameter θ1 can be obtained by the following formulas:

wi,1j ← wi,1j + λ× (S(hc1
1j)× vc1i − S(hc1

1j′)× vc1i′ ). (23)

ai ← ai + λ× (vc1i − vc1i′ ). (24)

b1j ← b1j + λ× (S(hc1
1j)− S(hc1

1j′)). (25)

Where λ represents the learning rate.
When c1 < T , repeat step (2) with updated model parameters as initial values. If
c1 = T , perform Step (3).
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– Stop DBN training. Output the underlying DBN model parameters, namely θ1 =
(W1, a, b1).

2) DBN training.

– DBN pre-training. Suppose that DBN is stacked with three RBMs, and the training
process of each RBM is the same as step (1). The output of the RBM hidden layer of
the upper layer serves as the input of the visible layer of the RBM of the next layer.
When the model parameter θ3 = (w3, b2, b3) of the last layer RBM is output, the
DBN pre-training is finished.

– (2)Fine-tuning of DBN model. DBN fine-tuning is a supervised training process. In
the fine-tuning process, BP algorithm is used to reverse update the parameters of
the model, and the cross entropy error function is used as the optimization objective
function. The objective function can be calculated as follows:

J =
1

m

m∑
k=1

(−
r3∑
i=1

(oki ln ô
k
i )). (26)

Where ôki and oki respectively represent the output value (predicted value) and real
label value of the i − th neuron corresponding to the k − th sample in the DBN
output layer. By using the partial derivatives of the cross entropy error function to the
weight terms and bias values of each network layer, the weight terms and bias terms
of each network layer can be dynamically updated. When the J value converges or
reaches the set number of generation selection, the weight items and offset values of
each layer are fixed to complete the fine tuning of the system.
EDBN model adopts Bagging algorithm to integrate DBN structure. Assuming that
the size of the training set is N, Bagging algorithm selects m sub-training sets with
size N (including repeated samples) by self-sampling method. Then, m data sets are
used to train m DBNSs with different hyperparameter settings. And m DBN base
classifier models can be obtained. Finally, the predictive label value is obtained by
majority voting mechanism. The pseudo-codes of Bagging algorithm are described
in Algorithm 2.

4. Experiments and Results Analysis

In order to verify the feasibility of SDAE-KPCA intrusion detection algorithm, real data
obtained from SCADA system is selected as the test data set [28]. Each instance data in the
dataset contains 26 feature attributes and one tag attribute. There are eight types of labels:
Normal, NMRI (naive malicious response injection attack), CMRI (malicious response
injection attack), MSCI (malicious status command injection attack), MPCI (malicious
parameter command injection attack), MFCI (malicious function code injection attack),
DOS (denial of service attack), and Reco (reconnaissance attack).

The experiment is carried out under Inter Core i6 CPU, 32GB RAM, GTX1060 GPU
environment and Windows10 operating system. Python3.6 is used for simulation experi-
ments. The algorithm is implemented by deep learning framework Tensorflow. Accuracy
(ACC) and false negative (FN) are used to measure the detection accuracy of IDS, while



1736 Zhihao Song

Algorithm 2 Bagging algorithm.
Input: Training set S = (x1, y1), (x2, y2), · · · , (xN , yN ), where xk ∈ Rl, number of classi-
fiers m.

2: Output: The final classifier Hc.
for t = 1, 2, · · · ,m do

4: St = sample with Bootstrap(S,N)
ht = L(St)

6: end for
sample with Bootstrap(S,N)

8: I = ϕ
for t = 1, 2, · · · , N do

10: r = Random− Iterger(1, N)
add S[r] to I

12: return I
end for

training time (TRT) and test time (TET) are used to measure the complexity of the algo-
rithm. FN refers to the probability of abnormal traffic being misjudged as normal traffic in
the sample. Considering that in the intrusion detection system, the threat of abnormal traf-
fic being misjudged as normal traffic is greater than that of normal traffic being misjudged
as abnormal traffic, FN is selected as one of the detection accuracy indexes.

The dataset contains 80000 data sets , and the distribution of sample data is shown
in Table 1. There are only 780 samples from MSCI and 575 from MFSI. According to
the ratio of 8:1:1, the sample is divided into three parts: training set, verification set and
test set. The training set is used to train the IDS model and simulate the data samples.
The validation set is used to adjust the hyperparameters of IDS model. The test set is
used to test the accuracy of IDS model to identify network attacks and the generalization
ability of detection model. Common parameters include weight values and bias values of
each network layer. The hyperparameters include network depth (DAE and DBN layers),
sparse index, and the setting of generation selection times, etc.

Table 1. Distribution of sample data

Normal Anomaly Anomaly Anomaly Anomaly Anomaly Anomaly Anomaly
Type CMRI NMRI MSCI MPCI MFCI DOS Reco

44407 15466 2763 780 7367 575 1837 6805

After pre-processing and min-max normalization of the original data, 64000 groups
of data are transferred into the DAE model in batches after removing label values for pre-
training. In order to make the acquired features better represent the original data features,
the error between the output value of the hidden layer and the real value of the last layer of
the regular de-noising autocoding network in DAE is fine-tuned. Then, the data set of DAE
dimension reduction operation is collected by self-help sampling method to obtain the
data of m group with the size of 80000. Then, m groups of DBN models are trained, and
the optimal DBN models are obtained by changing the DBN network depth, generation
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times and other super parameters. Bagging ensemble method is used to integrate m DBN
models, and the final prediction value is determined by voting mechanism.

Before the final testing of the SDAE-KPCA model, a process of parameter tuning is re-
quired. Since there is no automatic method for parameter tuning, empirical parameter tun-
ing is used to adjust parameter settings to achieve the best performance of the model. The
initial parameters of DAE model are as follows: network depth=2, learning rate=0.02, L1
regularization coefficient =0.01, sparse penalty factor=0.15 and sparse parameter=0.05,
the number of pre-training rounds=100 and the number of fine-tuning rounds=50. The
initial parameters of EDBN are set as follows: the number of integrated DBN=3, the net-
work depth of each DBN=3, the learning rate=0.001, the number of training rounds=100,
and the number of fine tuning rounds is 50.

In order to test the model’s performance in identifying abnormal traffic, the model
is tested in detecting binary samples, that is, Normal and Abnormal, and in the multi-
classification samples,that is, NMRI, CMRI, MSCI, MPCI, and MFCI, DOS and Reco.
The model is compared and analyzed, including the performance of different model pa-
rameters and network structure design, as well as the comparison with the current main-
stream intrusion detection algorithms.

4.1. Classification Network Parameters Determination

We take the SDAE network depth=2, the learning rate=0.02, the L regularization coeffi-
cient =0.01, the sparsity penalty factor β = 0.10, the sparsity parameter ρ = 0.05, the
number of pre-training rounds=100, and the number of fine-tuning rounds=50 as the stan-
dards. Only one parameter is changed in each group of experiments, and the experimental
results are shown in Tables 2-7.

1. Network structure setting.
Under the premise of fixed learning rate, L regularization coefficient and other pa-
rameters, the training error obtained by changing only the depth of network structure
and the number of neurons in hidden layer is shown in Table 2 and Table 3. As shown
in Table 2, when the network depth is 2 and the hidden layer neuron is set to 30-10,
the mean square error (ERR) between the network output value and the real value is
the smallest.

Table 2. Error values with different neuron structures

No. Neuron structure ERR
1 30-10 0.001657
2 30-20 0.002894
3 30-30 0.002944
4 40-10 0.005368
5 40-20 0.005813
6 40-30 0.005995

2. Parameter setting.
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Table 3. Error values with different training periods

Training period 30-10 30-20 30-30 40-10 40-20 40-30
0 0.13 0.13 0.13 0.15 0.20 0.21
2 0.06 0.07 0.12 0.13 0.14 0.18
4 0.06 0.07 0.12 0.13 0.14 0.15
6 0.06 0.07 0.12 0.13 0.13 0.14
8 0.06 0.02 0.12 0.13 0.13 0.14
10 0.01 0.02 0.06 0.10 0.12 0.13
20 0.01 0.02 0.05 0.07 0.12 0.13
40 0.01 0.02 0.05 0.07 0.09 0.09
60 0.01 0.02 0.05 0.07 0.09 0.09
80 0.01 0.02 0.05 0.07 0.08 0.09

100 0.01 0.02 0.05 0.07 0.08 0.09

When SDAE network depth is fixed as 2, network structure is 30-10, learning rate and
other parameters are preset values, the training error obtained by changing only the
number of pre-training rounds (PTR) or fine-tuning rounds (FTR) is shown in Table
4. It can be seen from Table 3 that when the number of PTR and FTR values are set
as 100 and 100, the ERR of the network is the smallest.

Table 4. Error values with different PTR and FTR

No. PTR FTR ERR
1 100 50 0.002874
2 100 100 0.001963
3 100 25 0.003647
4 200 50 0.002971
5 50 50 0.003923
6 200 200 0.002685

Under the condition that the number of PTR and FTR of SDAE is fixed as 100 and
100, the network depth is 3 (50-50-20), the learning rate and other parameters are
set as default values, table 5 shows the worth training error of only changing the
coefficient penalty factor β or sparse parameter ρ. It can be seen from Table 5 that
when β and ρ are set to 0.10 and 0.10, the error value is minimum.
Under the condition that the number of pre-training and fine-tuning rounds of SDAE
is fixed as 100 and 100, β = 0.10 and ρ = 0.10, network depth=2, and learning rate
is set as the default value, the training error obtained by only changing the L1 regular-
ization coefficient is shown in Table 5. According to Table 6, when L1 regularization
coefficient is 0.010, ERR reaches the local minimum value. When the regularization
coefficient is too small, it is easy to cause under-fit phenomenon and the error will
increase. When the regularization coefficient is too large, it is easy to cause over-fit
phenomenon, and the data learning time will increase accordingly.
In SDAE, the number of pre-training and fine-tuning rounds are 100 and 100, β =
0.10, ρ = 0.10, L1 regularization coefficient=0.010, and network depth=2. The initial
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Table 5. Error values with different β and ρ

No. β ρ ERR
1 0.10 0.05 0.001943
2 0.20 0.05 0.003029
3 0.25 0.05 0.003141
4 0.10 0.10 0.001878
5 0.20 0.10 0.003104
6 0.25 0.10 0.003829

Table 6. Error values with different L1 regularization coefficients

No. L1 ERR
1 0.005 0.002447
2 0.010 0.001877
3 0.015 0.003105
4 0.020 0.003218
5 0.025 0.004115
6 0.030 0.005934

learning rate is 0.01, and the results obtained by changing this initial value are shown
in Table 7. As can be seen from the table, dynamic changing learning rate will reduce
the influence of learning rate on data fitting accuracy. 0.01 is selected as the final
SDAE learning rate.

Table 7. Error values with different learning rates

No. L1 ERR
1 0.01 0.001775
2 0.02 0.001865
3 0.03 0.002467
4 0.04 0.002536
5 0.05 0.002917
6 0.06 0.003348

4.2. Classification Performance Analysis

The parameters obtained above are used in the classification experiments. 64000 training
samples are obtained after dimensionality reduction. Self-sampling method is used to
extract three groups of data sets, and the data extraction results are shown in Table 8.

Data sets D1, D2 and D2 are used to train SDAE with three different parameter set-
tings respectively. The training results are shown in Table 9. Finally, the three groups of
SDAE structure settings are shown in Table 10.



1740 Zhihao Song

Table 8. Error values with different learning rates

Training set
Data set Normal Anomaly Total

D1 27000 23000
50000D2 26000 24000

D3 27000 23000
Result

Data set Normal Anomaly Total
D1 7800 6200

14000D2 7500 6500
D3 7300 6700

Table 9. Accuracy with different training periods

Method 0 10 20 30 40 50 60 70 80 90 100
SDAE1 0.905 0.925 0.926 0.935 0.935 0.935 0.935 0.935 0.935 0.935 0.935
SDAE2 0.898 0.926 0.927 0.935 0.935 0.935 0.935 0.935 0.935 0.935 0.935
SDAE3 0.888 0.926 0.927 0.935 0.935 0.935 0.935 0.935 0.935 0.935 0.935

4.3. Comparison Experiments

The SDAE-KPCA algorithm is compared with other algorithms (including PCA-BP, DBN,
MDCO [29], RFSS [30] and IDSGAN [31]) using the same data sets. The dichotomous
comparison results of detection models are shown in Table 11. As can be seen from Ta-
ble 11, compared with PCA-BP, DBN, MDCO, RFSS and IDSGAN model, the accuracy
of proposed method increases by 5.12%, 3.90%, 2.32%, 1.85% and 1.26%, the FN de-
creases by 1.45%, 1.33%, 1.17%, 0.77% and 0.73%, respectively. The time complexity
of the proposed algorithm is slightly higher than that of the comparison algorithms, and
the TRT training time is higher than that of other three detection methods. However, the
test time TET is similar to the comparison algorithm for the test set with a small amount
of data. The comparison results of multiple classifications are shown in Table 12. It can
be seen from Table 12 that SDAE-KPCA has significantly improved accuracy compared
with other algorithms in the case of multiple classifications, and the error leakage rate is
relatively low. However, due to the small number of samples of MSCI and MFCI attacks,
the detection effect of these two types of attacks is relatively poor, but compared with
other comparison algorithms, the detection performance is significantly improved.

Table 10. Three groups of SDAE structure parameter settings

Class Neuron structure Learning rate Discard rate ACC/%
SDAE1 100-100 0.001 0.2 94.79
SDAE2 100-50 0.002 0.1 94.82
SDAE3 50-100 0.001 0.1 94.83
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Table 11. Results of dichotomies with different methods

Method ACC/% FN/% TRT/s TET/s
PCA-BP 92.67 2.61 37.4 8.8

DBN 93.89 2.49 40.9 9.1
MDCO 95.47 2.33 46.1 9.4
RFSS 96.21 1.93 47.8 10.8

IDSGAN 96.53 1.89 46.3 11.3
SDAE-KPCA 97.79 1.16 59.9 11.9

Table 12. Results of dichotomies with different methods

Type MDCO MDCO RFSS RFSS IDSGAN IDSGAN SDAE-KPCA SDAE-KPCA
Type ACC FN ACC FN ACC FN ACC FN

Normal 0.959 0.0224 0.953 0.0209 0.961 0.0197 0.983 0.0101
NMRI 0.927 0.00247 0.917 0.0174 0.934 0.0170 0.925 0.0091
CMRI 0.948 0.0204 0.939 0.0219 0.951 0.0207 0.975 0.0183
MSCI 0.776 0.0323 0.794 0.0375 0.903 0.0331 0.914 0.0181
MPCI 0.954 0.0247 0.955 0.0247 0.958 0.0228 0.968 0.0154
DOS 0.987 0.0178 0.981 0.0155 0.986 0.0129 0.999 0.0014
Reco 0.968 0.0135 0.982 0.0168 0.979 0.0154 0.999 0.0092

5. Conclusion

This paper studies an integrated intrusion detection model based on deep auto-encoding
network. KPCA is used to reduce data redundancy. Integrating SDAE overcomes the dif-
ficulty of DAE structure selection and significantly reduces the dependence of model on
DAE parameter setting. Compared with other methods, the proposed algorithm has a bet-
ter performance in dealing with large-scale industrial network data, which significantly
improves the robustness and anti-interference ability of intrusion detection system, while
reducing the dimension of data.
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Abstract. Halo artifact, edge detail loss and noise amplification are the main prob-
lems in low illumination image enhancement, an image enhancement algorithm
combining Retinex and illumination map weighted guided filtering is proposed. The
traditional defogging physical models only enhance the images based on dark chan-
nels prior, resulting in different depths of field in local areas, and it can lead to
some problems such as image overexposure and halo artifacts. To solve this prob-
lem, the method of combining light and dark channels is adopted to calculate the
atmospheric light value and transmittance. For the problem that edge information is
easily lost, the illumination gradient domain weighted guided filtering is utilized to
improve the thinning transmittance. Experimental results with the proposed method
have obvious improvement in denoising, halo elimination, brightness adjustment
and edge preservation in the low-illumination image under different conditions.

Keywords: Image enhancement, Retinex, weighted guided filtering, dark channel.

1. Introduction

In the era of the information technology explosion, computer vision has played an in-
creasingly important role in various fields. However, in the case where the light such as
night or weak light is insufficient, the low-illumination type image has low contrast, low
brightness, and detail information [1,2]. The imaging quality is seriously decreased, and
the visual effect is poor, which is subsequently processed for the image and it has brought
great challenges to a large extent to reduce computer vision applications [3-5]. Therefore,
effective low illumination image enhancement has very important value in transportation
and application prospects [6,7].

To perfect the demerits of low illumination images, the image enhancement algorithm
must improve the image contrast, enhance the brightness, and highlight the details in
the image. The current low illumination image enhancement methods mainly have the
following categories.

⋆ Corresponding Author
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1. Based on the histogram equalization algorithm, the histogram of distribution uneven-
ness is evenly distributed by mapping changes, and the image contrast is improved.
Based on this, scholars put forward a lot of improved algorithms such as contrast
restricted adaptive histogram equilibrium, platform histogram equalization and adap-
tive platform histogram equalization [8,9], etc. When these algorithms heighten the
low-illumination image overall, there is a problem that the high frequency grayscale
affects low frequency grayscale or local enhancement.

2. Retinex-based algorithm, the reflection component characterized by the image is cap-
tured by removing the illumination component in the raw image. Zhuang et al. [10]
combined Sigmod-MSR with original images for data loss issues. Kong et al. [11]
presented a Retinex image enhancement approach based on Gauss-based bilateral fil-
tering. Al-Hashim et al. [12] proposed a new way based on directional full variation
Retinex for noise and artifacts. These algorithms can adjust the grayscale distribution
of the image, but cannot improve the image detail, and easily produce color bias and
color distortion.

3. The image-enhancement algorithms based on deep learning. Through a huge database
training model, the input test image is processed, and a wide range of applications
have been obtained in recent years. Liu et al. [13] combined attention mechanisms
with convolutional neural networks (CNN) to remove brightness components in Retinex
theory. Li et al. [14] designed a convolution with encoding and procrastics neural net-
works, constructing a generation and counteracting model to quickly complete image
enhancement. These algorithms require a large number of data sets to train and test
model, and the data set of the current low illumination images is limited. The synthe-
sized low-illumination images and actual images are still different.

4. The degenerative physical model is built upon the atmospheric scattering model. In
2020, Liu et al., [15] found the similarity of low illumination images and fog days,
and brought indirectly to low illumination image enhancement by combining the prior
theoretical theory of dark channels (DCP). Because it had no sufficient constraint,
there was an excessive or too small problem in the estimation of the transmittance
and atmospheric light value, and the enhancement results often had a flare artifact.
In response to these problems, Feng et al. [16] proposed a transmitting transmission
rate in rapidly oriented filtering. Yu et al [17] proposed a binding super-resolution
neural network with guided filter repelling fog. Mei et al. [18] showed a method of
combining a brightness communication diagram with dark channels. Guo et al. [19]
combined dark channels for super-poxes to correct atmospheric light value and trans-
mittance. These modified algorithms have improved the estimation of atmospheric
light values and transmittance to a certain extent, but there are still some problems
such as indefinite edge, flare artifact and image exposure.

Image enhancement methods based on histogram equalization focus on adjusting the
histogram distribution of input images to display more visual information. The histogram
represents the distribution of pixel intensity in the image. When the overall image is dark,
the histogram distribution can be equalized to adjust the contrast of the image. Lee et
al. [20] proposed a contrast enhancement algorithm based on hierarchical difference of
two-dimensional histograms to enhance image contrast by amplifying gray difference be-
tween adjacent pixels. Lin et al. [21] put forward a contrast enhancement algorithm that
carried out color channel stretching, histogram averaging and remapping in sequence. By
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stretching color channels, color information in the scene could be better restored, his-
togram averaging was re-equalized to enhance image content, and histogram remapping
was used to reduce artifacts that often occurred in equalization. In order to better recover
image content, Sujee et al. [22] combined the idea of multi-resolution with histogram
equalization, used pyramid technology to decompose low-illumination images, and en-
hanced histogram matching for images with different resolutions to extract information
from images to the maximum extent. Although the low-illumination image enhancement
algorithm based on histogram equalization can enhance the contrast by simply stretching
the dynamic range of the image gray scale, it does not consider the influence of ambient
light, so this kind of algorithm will have the problem of over-enhancement or under-
enhancement.

Retinex theory is a color constant theory, the main idea is that the color perceived by
the human eye is determined by the joint action of the light reflected by the surface of the
target object and the ambient illumination. According to Retinex theory, low illumination
image is the combination of normal illumination image and environmental illumination,
and the image of normal illumination can be obtained by removing the influence of envi-
ronmental illumination in the image. How to separate the ambient illumination from the
low-illumination image is a pathological problem, which is usually solved by some prior
and constraint conditions. Chen et al. [23] proposed a multi-scale Retinex enhancement
algorithm with color restoration, which combined dynamic range compression, color con-
sistency and human visual stability to restore image brightness and contrast. Meng et al.
[24] proposed an effective low-light image enhancement algorithm. First, the low-light
image was inverted to make it visually close to the de-fogging image, then the de-fogging
algorithm was used to process the image, and the enhanced image was inverted again. Ya-
dav et al. [25] used the illuminance estimation algorithm based on morphological approx-
imation to decompose the image into reflection component and illuminance component,
and then carried out global brightness enhancement and local contrast enhancement op-
erations on the illuminance component respectively. Finally, multi-scale fusion was used
to obtain the illuminance image and obtain the image of normal illuminance. Zhou et al.
[26] built the initial illuminance map by looking for the maximum value of image pixels
in the three color channels of red, green and blue, and then used a predetermined struc-
ture to refine the initial illuminance map to obtain the final illuminance map and further
achieved image illumination enhancement. Inspired by human vision, Li et al. [27] pro-
posed a multi-stage multi-exposure image fusion framework. In the first stage, exposure
was adjusted by simulating human eyes to generate multi-exposure image sets. The sec-
ond stage simulated the human brain mechanism to fuse the multi-exposure images to
obtain the final enhanced image. The key of low illumination image enhancement method
based on Retinex model is the accuracy of illumination image estimation, which depends
on the precise definition of prior constraints. However, a prior condition is difficult to
apply to image enhancement of various real scenes.

Convolutional neural networks have strong feature learning ability, and have become
the main tool to solve computer vision task problems, and are also widely used in low-
illumination image enhancement tasks. Lore et al. [28] first proposed an image enhance-
ment framework based on deep learning. By designing a depth autoencoder to identify
the features of low-illumination images, image brightness could be adaptive enhanced,
image enhancement and noise reduction could be realized at the same time. Li et al. [29]
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proposed a decomposition network based on Retinex model. Firstly, the input image was
decomposed into illuminance map and reflection map, then denoised and enhanced the il-
luminance map and reflection map respectively, and finally reconstructed two components
to obtain the normal illuminance image. Wang et al. [30] regarded low-illumination image
enhancement as a residual learning problem, that is, the image after brightness enhance-
ment was obtained by estimating the residual difference between low-illumination image
and normal illumination image. Xu et al. [31] proposed a brightness enhancement net-
work based on frequency decomposition, which first restored the content information of
the low frequency layer under the condition of suppressing noise, and then enhanced the
details of the high frequency layer of the image. Zhang et al. [32] proposed a brightness
enhancement network based on Retinex model decomposition, which designed a map-
ping function to flexibly adjust the brightness according to the different needs of users.
The network also included an adjustment module, which could effectively remove the
visual defects amplified by enhancing the brightness of darker areas.

In response to the above-mentioned enhancement algorithms and to restore the true
color of the image, to solve the problem of image exposure, flare artifact and edge loss,
etc., and to improve the visual effect of the image, we propose a dual-channel combin-
ing light gradient domain weighted guided filtering low illuminance image enhancement
method. Images are acquired by some robot equipment. First, the bright channel is in-
troduced, and the atmospheric light value is obtained by using a threshold method, and
then the transmittance is obtained by the dual channel image pixel level. After Retinex
decomposition, the optical illumination map is used as the guide map, and the multi-scale
gradient domain weighted guide filter operation to refine the transmittance. The denois-
ing optimization is performed using BM3D. Finally, it restores the image according to the
dehazing physical model.

2. Related Works

This enhancement algorithm is based on the atmospheric scattering debris model with a
priority theory of dark channels, which is the light map obtained by Retinex decompos-
ing in image filtering. It obtains a final reinforcing image after comprehensive denoising
optimization.

2.1. Atmospheric Scattering Physical Model

The fog degradation model is based on a classic atmosphere scattering model. The given
input image I to be removed from fog is:

I(x) = Aρ(x)exp[−βd(x)] +A(1− exp[−βd(x)]). (1)

Where ρ(x) is density. d(x) is the scene depth. β is the scattering coefficient of the
optical wavelength. x is the pixel point position of the image. A is a global atmospheric
value. The first term on the right of formula (1) is the direct attenuation term, and the
second term is the atmospheric light component. Let the transmission medium transmit-
tance be t(x) = exp[−βd(x)], the well-exposed natural images be J(x) = Aρ(x), so the
atmospheric scattering physical model is simplified as:
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I(x) = J(x)t(x) +A[1− t(x)]. (2)

In reference [33], an improved atmospheric scattering model (IASM) was proposed to
overcome the inherent limitation of the traditional atmospheric scattering model. Based
on the IASM, a fast single image dehazing algorithm was also presented. In this algorithm,
by constructing a linear model between the transmission and the haze aware density fea-
ture, the transmission map could be directly estimated through a linear operation on three
components: luminance, saturation and gradient.

2.2. Dark Channel Prior and Bright Channel Prior

He et al. [34] obtained the dark channel prior theory through the statistics of 5000 outdoor
fog-free images. In most non-sky local region images, there is at least one color channel
with a very small intensity value approaching to zero. It is described as:

Jdark(x) = min
c∈R,G,B

min
x∈Ω(x)

[Jc(x)] → 0. (3)

Where Jdark is the dark primary color channel of the image. Jc is the intensity of red
(R), green (G) and blue (B) color channels of image J . Ω is the local area centered on
pixel point x with radius r.

The basic idea of bright channel prior is similar to dark channel prior. In most naturally
sharp images, there is at least one color channel with a large intensity value approaching
255. It is described as:

Jbright(x) = min
c∈R,G,B

max
x∈Ω(x)

[Jc(x)] → 255. (4)

Where Jbright is the bright primary color channel of the image.
Reference [35] proposed a dual channel prior-based method for nighttime low illu-

mination image enhancement with a single image, which built upon two existing image
priors: dark channel prior and bright channel prior. It utilized the bright channel prior to
get an initial transmission estimate and then used the dark channel as a complementary
channel to correct potentially erroneous transmission estimates attained from the bright
channel prior.

2.3. Retinex Theory

Retinex theory is also known as the retinal cortex theory [36]. According to this theory,
the observed color information of an object is determined by the reflective nature of the
object and the intensity of the surrounding light. The reflection property determines the
intrinsic property of the image and the illumination part determines the dynamic range of
the image pixel. Its mathematical model is:

I(x, y) = R(x, y)× L(x, y). (5)

Where I(x, y) is the observed image. R(x, y) is a reflection map. L(x, y) is an illu-
minated map. This model can be referred to as a multiplication model, and only R(x, y)
can be decomposed from I(x, y) to obtain a representation of the essence of the image.
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In reference [37], different networks were first combined to construct a multi-branch
module for features extraction, and used the module and Retinex theory to extract the
reflection map of the image. Then an attention mechanism was introduced into the multi-
branch construction to balance the feature weight of each branch, and get the final result
by the reconstruction module. The Retinex theory was used to calculate the L1 loss and the
gradient loss for the intermediate feature map of the entire model to train our framework.

3. Proposed Low-illuminance Enhancement Algorithm

The new algorithm first inverts the low-illumination image I , and then defogs the fog
map. The light and dark channels of the image are obtained, and the initial atmospheric
light Ad and Ab obtained by the two channels are combined to calculate the final atmo-
spheric light value A. Through the dark-bright channel coefficients td and tb, combining
with the dark-bright transmittance, the estimation of the initial transmittance t is obtained.
Illumination gradient domain weighted guided filtering (IGDWGIF) is used to refine and
smooth the initial transmittance. Finally, the atmospheric scattering model is used to re-
store the original image. Then the obtained defogging image is inverted. The BM3D is
used for denoising, and the final enhanced image J is obtained. The flow chart is shown
in figure 1.

Fig. 1. The flow chart of the proposed low illumination enhancement algorithm
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3.1. Threshold Method for Obtaining Atmospheric Light Value

For the calculation of global atmospheric light value A, if the brightest pixel of dark
channel is directly used as atmospheric light value, there will be the problem of over-
saturation. The atmospheric light value should be the radiation value at the depth of field
infinity and the point should be in the background region of the image. Compared with
the dark channel, the atmospheric light-dark density after merging with the bright channel
is closer to the atmospheric light-dark density of the image to be enhanced. Therefore, the
mean value of the pixel of the bright channel of the image to be enhanced can be used
as the atmospheric light value. But some images completely contain sky or white objects,
the results can be skewed.

To solve this problem, a threshold method is utilized to estimate atmospheric light
value. Firstly, the light and shade profile of the image is judged, and the difference Idif
between the bright channel Ib and dark channel Id is calculated:

Idif = Ib(x)− Id(x). (6)

For various types of low illumination images, the control variable method is used to
conduct several enhancement experiments, and the threshold value a is finally determined
to be 0.38. If Idif > a, it indicates that there is a large difference between the images of
the two channels. Suspected points of atmospheric light with high pixel value are in the
bright channel image. In order to avoid high values, the mean value of bright channel is
used to estimate the atmospheric light value. If Idif ≤ a, it indicates that the suspected
point of atmospheric light is on the dark object, and the atmospheric light value a obtained
only by using the bright channel prior is not reliable. For these unreliable pixels, Acor is
obtained by combining dark channel prior images for correction, i.e,

Acor = Ad ×Ab. (7)

In summary, the atmospheric light value is:

A =

{
Abmean, Idif > a

Acor, Idif ≤ a
(8)

Where Abmean is a mean value of bright channel.
Figure 2 shows the enhanced effect diagrams of atmospheric light values by different

methods. It can be seen that the enhanced image obtained by the new method in this paper
is clearer, and the addition of bright channels makes the details in the dark more obvious.
The restoration at the lamp source is more natural, but there are still issues of halo and
unclear edges, which will be solved by improving the transmittance.

3.2. Two-channel Estimated Transmittance

Dark channel prior estimation of dark transmittance According to equation (3), the
image to be defogged after filtering and inverting is defogged. Minimum filtering is per-
formed on both ends of equation (3) when atmospheric light value A is known. It can
obtain the following:
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Fig. 2. Enhanced images of atmospheric light value via different methods. (a) Original
image; (b) Reference [21]; (c) Proposed method

min
c∈R,G,B

min
x∈Ω(x)

= t(x)× min
c∈R,G,B

min
x∈Ω(x)

[Jc(x)] +Ac[1− t(x)]. (9)

Where Ac is the atmospheric light value of any color channel. Ic is any color channel
of the image.

According to the dark channel prior theory, the dark channel of fog-free images tends
to zero, so the first term on the right of equation (9) is 0. Meanwhile, in order to make
the image look more natural and avoid excessive defogging, the defogging coefficient
m = 0.98 is added to obtain the dark transmittance.

td(x) = 1−m× [ min
c∈R,G,B

min
c∈R,G,B

[
Ic(x)

Ac
]]. (10)

Bright channel prior estimation of bright transmittance

max
c∈R,G,B

max
x∈Ω(x)

[Ic(x)] = t(x)× min
c∈R,G,B

min
x∈Ω(x)

[Jc(x)] +Ac[1− t(x)]. (11)

According to the bright channel prior theory, the bright channel of fog-free images
tends to 255. After image normalization, the pixel value of bright channel approaches to
1. The first term on the right of formula (11) is t, and the defogging coefficient m is also
added, so the transmittance is:

tb(x) = m×
max

c∈R,G,B
max

c∈Ω(x)
−Ac

1−Ac
. (12)

Dual channel prior estimation of transmittance Although the initial transmittance es-
timated by dark channel prior has achieved good results, not all images have dark channel.
For some low illumination images with dark channel prior not tending to 0 (for example,
when there is a large bright area), other auxiliary conditions are required. In addition, us-
ing only dark channel windows will lead to the coexistence of different depth-of-field in
the same local area, which will lead to the wrong classification of pixel points at the junc-
tion of light and dark or at the junction of far and near scenes, resulting in the deviation
of the estimation of transmittance. Therefore, the depth of field problem of the same local
area can be corrected by adding bright channel prior and combining the local windows
of both regions, so as to solve the halo artifact problem caused by transmittance estima-
tion deviation. In this paper, the dark and bright channel coefficients α and γ are used
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to fuse the double channel, and then the transmittance is calculated. The enhancement
effect can be better controlled by using certain linear relation. The specific relationship
and constraint conditions are: {

t(x) = αtd(x) + γtb(x)

α+ γ = 1
(13)

The transmittance will change as the values of α and γ change. Experiments are car-
ried out on Figure 2 under different α and γ values. The experimental results are shown
in Figure 3. It can be seen that the larger dark channel coefficient denotes the brighter
transmittance image, the larger bright channel coefficient α and the darker transmittance
image. When only dark channel is selected (α = 1, γ = 0), there will be overexposure.
When only the bright channel is selected (α = 10, γ = 1), there will be a halo at the
junction of the light, shade and the overall darkness. In order to make the overall light
transparent and avoid overexposed, the effect is better when the dark channel coefficient
is greater than the bright channel coefficient. Through a large number of low-illumination
image enhancement experiments, the dark channel coefficient α is 0.75 and the bright
channel coefficient γ is 0.25.

Fig. 3. Transmittance images under different α and γ. (a) α = 1, γ = 0; (b) α = 0.75,
γ = 0.25; (c) α = 0.25, γ = 0.75; (d) α = 0, γ = 1

3.3. Illumination Graph Multi-scale Gradient Weighted Guided Filtering
(IGDWGIF)

Low illuminance image has a serious loss of detail, so it has higher requirements in detail
preservation and edge preservation [38]. Guided filtering [39] (GIF) can not only smooth
the image, but also has a better effect on edge detail preservation than bilateral filter-
ing and other filters, with lower computational cost. On this basis, a series of improved
algorithms are derived. Among them, multi-scale gradient-guided filtering (GDGIF) in-
troduces clear edge constraints and adds image gradient information, resulting in clearer
processing effects. The guiding image of the guiding filter is important in the filtering pro-
cess. The guiding image has a variety of choices, which can be the image itself or other
images. At present, the image enhancement field uses a wide range of grayscale images to
be enhanced, dark channel images, and RGB images to be enhanced. Good guided images
make filtering results more structural.

Formula (1) is deformed so that t(x) = exp[−βd(x)], and it can obtain:

1− I(x)

A
= t(x)[1− ρ(x)]. (14)
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Defining M(x) = 1− I(x)
A , N(x) = 1− ρ(x), it can obtain:

M(x) = t(x)N(x). (15)

Where N(x) is the inverse albedo. Formula (15) is defined as the multiplication
model, which simply separates t(x) and N(x) from M(x). This model is similar to
Retinex algorithm. Retinex uses the filtering to decompose the light and reflection im-
ages. Here, illumination graph L is continuous and smooth in space. The transmittance
t(x) is a continuous function of depth and also remains smooth in space. They have simi-
lar properties. R is a reflection graph, which has the characteristics of large local variation
and is similar to the inverse albedo N(x). Based on this, this paper proposes a new guided
filter, that is, illumination map multi-scale gradient weighted guided filter. Figure 4 is the
edge information extraction images with different guidance graphs. Table 1 shows the
similarity comparison between the original image and different guided images.

Fig. 4. Edge extraction images with different guided images (a) Original image (b) Gray-
level inversion image (c) Dark-channel image (d) Illumination image

Table 1. Similarity between different guided images and original images

Guided image Similarity

Gray-level inversion 0.2061
Illumination image 0.5677
Dark-channel 0.4052

In Figure 4, when the guided image adopts the image itself, filtering becomes an
operation that only preserves edge and loses part of edge information. The gray scale
inverse image is the pseudo fog image of low illuminance image under dark channel
prior algorithm. Compared with the original image, the pixel value is higher, and the
value is more than 200. In the chroma channel processing of the subsequent resulting
image, the available edge details and brightness information are deviated, which makes
the enhanced image overexposed and affects the color of the final enhanced image. When
the guided image is used as a dark channel image, the pixel value is also high or low,
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and the filtered image is blocky, so the details need to be improved. As a guided image,
brightness image is better than gray image and dark channel image in both brightness
and edge extraction. Compared with the original image, the brightness information of the
image is richer and more consistent with the color characteristics of the object itself. It
avoids too high brightness to affect the reduction effect. It enhances the detail information
of dark area to some extent and is beneficial to image restoration.

From t(x) = exp[−βd(x)], we can know that the transmittance t is a continuous func-
tion of depth of field d and concentration β. Dark channel prior is valid only when t → 1.
That is, when β is large, the prior condition is satisfied with d → 0, otherwise, it is not.
In order to make the vision also meet the prior conditions, the value of concentration β
can be reduced and the method of two-time selective filtering can be adopted. That is, the
concentration β is gradually reduced so that the prospect also satisfies the conditions of
the prior theory. In summary, combining the properties of multi-scale gradient weighted
guided filtering and brightness image, IGDWGIF enables the filtered image to better re-
store the low-illuminance image in terms of gradient information, texture information and
color information.

3.4. Image Denoising Optimization Based on BM3D

Low illumination images generally have the problem of excessive noise, which has a
great influence on image enhancement. Therefore, it is necessary to optimize the image
denoising [40-43]. Through many experiments, if the denoising stage is carried out before
enhancement, the original dark image will become more blurred and the image details will
also be affected. Therefore, the optimization step of denoising is executed at the end of
the algorithm, so as to achieve the purpose of optimizing and enhancing the image.

Most of the noise in low illuminance images are Gaussian noise generated during
transmission and Poisson noise generated under low illuminance. Among them, the latter
accounts for the majority. Therefore, block-matching and 3D filtering (BM3D) [44] is
adopted for denoising. The BM3D mainly includes basic estimation and final denoising.
The similarity block with the least difference [45] in the image is found and integrated
into a three-dimensional matrix, which is transformed into a two-dimensional matrix to
obtain the basic estimation. The denoising image is obtained by weighted average of the
repeated values after filtering. When BM3D searches for reference pixel blocks, the step
size is 4 pixel, and the complexity is reduced to 1/16 of that when the step size is 1,
effectively shortening the computing time.

Here we conduct image denoising experiments with two methods BM3D and TWSC
[46] to show the robust of BM3D. Result is shown in figure 5. The Gaussian noise is set
to 35. In Figure 5, we find that at such a high noise level, the observed image is heavily
degraded and many significant details are lost. SRR-A can effectively remove noise, but it
causes the restored image to be over-smoothed and many significant details are lost. The
image restored by BM3D has the most details and best overall appearance.

4. Experiments and Analysis

Here, 500 low-illuminance images are collected in this paper, including low-illuminance
images at night. In this paper, three different enhancement models are selected to compare
with the proposed method including NCTV [47], RFA [48] and FFTR [49].
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Fig. 5. Experimental results with BM3D and TWSC. (a) Noisy image;(b) TWSC; (c)
BM3D

4.1. Low Illumination Images with a Large Sky Area and a Wide Variation in
Depth of Field

Low illumination image enhancement [50] with a large sky area and large variation of
depth of field has always been one of the difficulties in research. The enhancement results
of these images are compared and analyzed from two aspects: subjective evaluation and
objective evaluation. The results are shown in Figure 6.

As can be seen from Figure 6(b1)-(b4), the enhancement results of the NCTV have
halo artifacts. The white object is particularly obvious around, the contour of the restored
object is not clear enough, and the overall image is dark. As shown in Figure 6(b2) and
(b3), obvious halo can be seen, and the objects on the left side of the building in Figure
6(b1) and the hot air balloon on the ground in Figure 6(b4) are blurred with serious loss
of details. As can be seen from Figure 6(cl)-(c4), the image brightness and contrast of the
RFA are significantly improved compared with the NCTV algorithm. However, there is
a certain over-exposure phenomenon, which is reflected in the sky region in Figure 6(c2)
and Figure 6(c3). In Figure 6(c3), the boundary between the cloud and the sky is not
obvious, and the circular corridor information of the object is lost. From Figure 6(d1)-
(d4), it can be seen that the overall enhancement effect of the FFTR is relatively natural,
and both brightness and contrast are improved. However, there is a certain color deviation
phenomenon, especially in the building part of 6(d3) and the sky area of Figure 6(d4), the
color distortion is obvious. The proposed algorithm gives more accurate estimations for
atmospheric light value and transmittance. Therefore, it has a good effect in enhancing
brightness and contrast and restoring sky region, as shown in Figure 6(e1)-(e4). The edge
of the object is clear, the details are rich, there is no color distortion and halo phenomenon,
the overall enhancement effect is more natural and clear. The visual effect is obviously
better than other algorithms.
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Fig. 6. Enhancement results of low-illumination images with large sky areas and obvious
change in depth of field for different methods. (a1)-(a4) Original images; (b1)-(b4) NCTV
method; (c1)-(c4) RFA method; (d1)-(d4) FFTR method; (e1)-(e4) proposed method

4.2. Low Illuminance Images with Light Source and Uneven Light

In the process of low illumination image enhancement with light source and non-uniform
light, halo artifacts often appear. The enhancement results of such images are also com-
pared, and the experimental results are shown in Figure 7.

As can be seen from Figure 7(b1)-(b3), no matter in indoor or outdoor light source,
the enhancement results of the NCTV all have obvious halo phenomenon and the overall
image is dark. In Figure 7(b1) and Figure 7(b3), the halo phenomenon can be clearly seen
at the light source. In Figure 7(b2), the restoration of some small objects in the book is not
clear enough, and a lot of image information is lost. The RFA algorithm is better than the
NCTV in detail enhancement and halo artifact removal. However, obvious overexposure
still exists in the light source and white objects, as reflected in the light in Figure 7(c1)
and white objects in Figure 7(c2). The FFTR algorithm has good halo removal effect and
dark area detail reduction effect in light source or white object, but there is color skew
phenomenon and the overall color is lighter. As shown in Figure 7(d2), the restoration of
dark area background is more complete with more details. However, the enhanced results
of Figure 7(d1)-(d3) all have different degrees of color distortion. By combining dual
channel and illumination guided filtering, the overall effect of the proposed algorithm
is better than the previous algorithms in image restoration. As shown in Figure 7(e1)
and Figure 7(e3), the enhancement at the light source is more natural. The image detail
restoration in Figure 7(e2) is richer and more comprehensive, and the texture details of
the image are clearer and the visual effect is better.
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Fig. 7. Enhancement results of low-illumination images with light source and inhomoge-
neous light images with different methods. (a1)-(a3) Original images; (b1) (b3) NCTV
method; (c1)-(c3) RFA method; (d1)-(d3) FFTR method; (e1)-(e3) proposed method

In order to compare the effect of low illumination image enhancement algorithm ob-
jectively and fairly, the evaluation indexes of image information entropy, average gradient
and structure similarity are selected for comparative analysis.

Image information entropy represents the richness of image information. The higher
entropy of image information denotes the image containing more information, and the
richer image. It is represented as:

H = −
255∑
x=0

pxlbpx. (16)

Where px is the occurrence probability of pixel point x. As shown in Table 2 (figure 8
is the visible result), the algorithm in this paper has a better overall effect and can make the
enhanced image contain richer information. Moreover, the enhancement effect is natural
and clear, and the color fidelity is better, which is consistent with subjective evaluation.

Table 2. Information entropy comparison

Original image NCTV RFA FFTR Proposed

Figure 6(a1) 7.3627 7.7676 7.6044 7.9873
Figure 6(a2) 6.8835 7.1563 7.2614 7.5858
Figure 6(a3) 7.6608 7.6252 7.2637 7.9068
Figure 6(a4) 6.9669 7.6201 7.2637 7.6299
Figure 7(a1) 6.4774 7.0699 7.1874 7.2673
Figure 7(a2) 5.6373 6.3463 6.3542 6.8835
Figure 7(a3) 6.1473 6.9075 6.8736 7.1347
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Fig. 8. Visualized result of Table 2.

The average gradient represents the detail information of the image. The larger aver-
age gradient denotes the clearer contour of the image and the richer detail information. It
is represented as:

A =

∑w−1
i=1

∑n−1
j=1

√
(Ji,j−Ji+1,j)2+(Ji,j−Ji,j+1)2

2

(w − 1)(n− 1)
. (17)

Where Ji,j is the pixel value of the i− th row and j− th column of the image matrix.
w and n are the number of rows and columns of the image matrix respectively. As shown
in Table 3 (figure 9 is the visible result), the average image gradient of the proposed
algorithm is slightly lower than that of RFA in Figure 6(a1), and the overall average
gradient performance is good. It can well maintain edges and restore details, enhance the
image hierarchies, which is consistent with subjective evaluation.

Table 3. Average gradient comparison

Original image NCTV RFA FFTR Proposed

Figure 6(a1) 9.0718 11.9962 9.8472 10.1511
Figure 6(a2) 6.9855 6.5608 5.1720 9.0468
Figure 6(a3) 4.3488 5.4321 4.1092 6.3789
Figure 6(a4) 2.3238 2.2982 2.9927 3.2041
Figure 7(a1) 5.3746 6.9806 6.3413 7.1136
Figure 7(a2) 3.3274 5.8399 4.4367 5.9964
Figure 7(a3) 7.1267 7.9746 7.3422 8.3473
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Fig. 9. Visualized result of table 3.

Structural similarity represents the similarity of content structure before and after im-
age restoration. The value is close to 1, the quality of enhanced image is better. It is
represented as:

S(X,Y ) =
(2µXµY )(σXY + C2)

(µ2
Xµ2

Y + C1)(σ2
X + σ2

Y + C2)
. (18)

Where S(X,Y ) is structural similarity. µX and µY are the mean values of images X
and Y respectively. σX and σY are the standard deviations of image X and Y respectively.
σXY is the covariance of images X and Y . C1 and C2 are constants. As shown in Table
4 (figure 10 is the visible result), the structure similarity of the proposed algorithm is
closest to 1, and the image texture is clear without redundant halo artifacts and noise
amplification.

Table 4. Structural similarity comparison

Original image NCTV RFA FFTR Proposed

Figure 6(a1) 0.6314 0.7046 0.6099 0.7344
Figure 6(a2) 0.5143 0.6322 0.5321 0.6945
Figure 6(a3) 0.7097 0.7636 0.6625 0.8069
Figure 6(a4) 0.6354 0.8093 0.7312 0.8144
Figure 7(a1) 0.6833 0.6919 0.5281 0.7221
Figure 7(a2) 0.6707 0.6228 0.5871 0.6974
Figure 7(a3) 0.5314 0.6372 0.4145 0.6738
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Fig. 10. Visualized result of table 4.

5. Conclusion

Aiming at the problems of halo artifact, brightness oversaturation, edge detail loss and
noise amplification in the process of low illumination image enhancement by defogging
physical model, an image enhancement method combining dual-channel prior and illu-
mination gradient domain weighted guided filtering was proposed. The atmospheric light
value is obtained by introducing broad value method of bright channel image, and the
light channel priors are fused with dark channel priors to obtain the initial transmittance.
The transmittance is refined by weighted guided filtering in illumination gradient domain.
BM3D optimization denoising method is used to enhance the image, which solves the
problem that dark channel prior is not suitable for the large bright areas and the same lo-
cal area has different depth of field, making the estimation of atmospheric light value and
transmittance more accurate. Results show that the new algorithm has obvious improve-
ment in halo elimination, brightness adjustment, edge preservation and noise removal.
Although many new methods have been proposed, in the future, we will use the most
advanced deep learning methods to enhance images, in order to apply them to practical
engineering applications.
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Abstract. Underwater image denoising technology is of great significance in un-
derwater operation. Underwater operations (such as offshore oil drilling, under-
sea tunnels, pipeline construction, underwater archaeology, biological research, and
lifesaving) require stable and clear underwater images to aid analysis. Due to the
scattering and absorption of light by water bodies, obtaining high-quality underwa-
ter images is a challenging task. Underwater images are prone to low contrast, low
resolution and edge distortion. Therefore, it is difficult to accurately separate the ef-
fective signal when removing the underwater image noise, which leads to the image
contrast reduction. Also the edge contour is not clear, and the detail loss is serious.
Therefore, we propose a novel underwater image denoising method based on curved
wave filter and two-dimensional variational mode decomposition. Firstly, the noisy
image is decomposed by two-dimensional variational mode decomposition, and a
series of modal components with different center frequencies are obtained. The ef-
fective modal components are selected by correlation coefficient and structural sim-
ilarity. And the effective modal components are processed by the curve-wave filter.
Finally, the filtered modal components are reconstructed to remove the noise in
the image. The experimental results show that, compared with other state-of-the-art
methods, the proposed method has clearer denoising results, less mean square error,
and better denoising effect.

Keywords: Underwater image denoising, curved wave filter, two-dimensional vari-
ational mode decomposition, image reconstruction.

1. Introduction

With the rapid development of science and technology, human beings need to further
develop Marine resources and understand the seabed organisms and available resources,
which will be conducive to the study of Marine resources. As an auxiliary means of under-
water vision, clear underwater images are the most intuitive way to understand the under-
water world [1-3]. Although there is a high-quality imaging system for remotely operated
underwater vehicles, due to the dispersion of water molecules, microorganisms in water,

⋆ Corresponding Author
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and the quality of sensing elements in the camera, the underwater images collected will
contain a lot of complex noise, which greatly reduces the visual quality of underwater
images. It seriously affects the application of machine vision and late underwater images,
and brings great challenges to the field of computer vision [4,5].

As a kind of water resources, Marine resources play a very important role in the de-
velopment of human society and the earth’s energy cycle [6]. Different from the terrestrial
environment, the complexity, variability and dynamics of the Marine environment bring
serious challenges to underwater exploration [7]. Underwater image denoising technology
is an early means of ocean exploration, and plays an important role in seabed topography
mapping, underwater target object recognition and detection, and biological population
monitoring [8,9]. Due to the presence of scatterers in the ocean and the reverberation
effect caused by the undulating seafloor and sea surface, the image has serious speck-
led noise, especially in the shallow sea area [10]. Speckled noise and interfering signals
lead to degraded image quality, which adversely affects subsequent image processing.
Therefore, the study of underwater image denoising method has always been the focus of
research [11].

Classical image denoising methods include mean filter [12], median filter [13], wavelet
transform [14], etc. Although the above denoising methods are simple in operation and
have strong adaptability, there are unavoidable problems. Although mean filter is fast in
calculation, it will damage the high frequency region of the image in the process of de-
noising, resulting in the loss of image details. Median filtering replaces the central pixel
value of the window with the middle value after sliding window sorting, which can re-
move the noise in the high frequency part of the image. However, for the part of the image
with relatively dense noise, the denoising effect of median filtering will be weakened, and
the image will become blurred with the increase of sliding window. These methods need
to adjust the filter suitable for the noise characteristics according to the local noise, which
is faced with many difficulties. In the wavelet transform, the selection of the threshold
will affect the denoising effect of the image. In addition, different noise images need to
set different thresholds.

Different threshold functions in the curve-wave threshold denoising framework [15]
produce different denoising effects. The soft threshold and hard threshold functions de-
scribed in references [16,17] had been widely used, but they had different degrees of de-
fects. The discontinuity of the curve wave hard threshold function at the threshold point
caused obvious visual distortion such as ringing and pseudo-Gibbs effect in de-noised im-
ages. There is a constant deviation between the curve coefficients before and after the soft
threshold function processing, which leads to the blur of the edge of the image and the
decrease of the visual quality of the de-noised image. Therefore, the construction of an
efficient threshold function is the key to improve the de-noising performance of the curve-
wave threshold de-noising method [18]. In addition, the curve-wave threshold denoising
method can only ensure that the noise whose absolute value is less than the threshold
value is removed, and there is no unified standard for the selection of threshold values.
Surround effect will occur, resulting in poor image visual quality [19]. In view of these
inherent performance defects of the wavelet threshold denoising method, researchers will
use Partial Differential Equation (PDE)[20] based on information fusion to improve the
denoising effect of the wavelet threshold method [21].
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In 2014, Dragomiretskiy et al. [22] proposed a completely non-recursive variational
mode decomposition model (VMD), which could adaptively decompose the signal into a
set of band-limited inherent mode functions and obtain the optimal value of the inherent
mode function, thus solving problems such as the sensitivity of empirical mode decom-
position to noise and sampling. In order to facilitate the processing of two-Dimensional
signals, Dragomiretskiy et al. [23] proposed a two-dimensional variational mode decom-
position model (2D-VMD) based on the VMD algorithm. The model was a natural two-
dimensional extension in the context of image segmentation and orientation, and was a
non-recursive, fully adaptive variational method that could decompose an image into a
series of sub-modal components with different center frequencies. Many scholars have
applied the 2D-VMD model to different areas of image processing. Zhang et al. [24]
proposed a denoising method for medical ultrasound images based on two-dimensional
variational mode decomposition combined with fast non-local mean, which could retain
edge information well while denoising, and had a good denoising effect in high noise vari-
ance. Meriem et al. [25] used two-dimensional variational mode decomposition to reduce
the random noise of fringe patterns and improve contour and residual images, thereby
controlling and reducing the existence of defect flatness on the surface. Although some
denoising algorithms based on two-dimensional variational mode decomposition have
been proposed successively, no more effective denoising methods have been proposed
according to the characteristics of underwater images.

Compared with other filtering methods, curve-wave filtering has a better effect on pre-
serving image edge information and details in the process of denoising. Therefore, an un-
derwater image denoising method combining wave-wave and two-dimensional variational
mode decomposition is proposed in this paper. Firstly, the noisy image is decomposed into
a series of modal components with different center frequencies by two-dimensional vari-
ational mode decomposition. Then, the correlation coefficient (CC) and structural simi-
larity (SSIM) are used to select the effective modal components, and the effective modal
components are processed by curvewave filtering. Finally, the filtered modal components
are reconstructed to remove the noise in the image.

This paper has the following organization structure. In section 2, we introduce the Fast
Discrete Curvelet Transform (FDCT). Section 3 detailed shows the proposed underwater
image denoising. Experiments are conducted in section 4. There is a conclusion in section
5.

2. Fast Discrete Curvelet Transform (FDCT)

The Curvelet Transform (CT) [26,27] is decomposed on all possible scales using the
Multi-scale Ridgelet Transform, the implementation of CT can be summarized as follows.
I is the given dimension N × N two-dimensional digital image signal, and its signal is
decomposed by J − th layer binary wavelet, it can obtain:

I = Cj +

J∑
j=1

Dj (1)

Where Cj is the low frequency component on the coarsest scale. DJJ=1,2,··· ,J is the
high frequency. The size value of j = 1, 2, · · · , J represents the thickness of the scale.
The CT transformation process is shown in Figure 1.
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Fig. 1. The process of CT

Table 1. Approximation order under different transformations

Class Approximation order
Fourier ||g − ḡm||22 = o(m−0.5)

Wavelet ||g − ḡm||22 = o(m−1)

Curvelet ||g − ḡm||22 = o(m−2)

CT is a non-adaptive multi-scale geometric analysis method. Different from the adap-
tive method, CT does not need to know the geometric features of the image in priori, but
does directly decompose the signal on a set of fixed frames or basis functions, and makes
full use of the information of the function itself. It can use different kinds of function
transformation for different parts of the image, so that the corresponding function types
can achieve the optimal approximation, and provide a powerful ”sparse” description of the
image. Obviously, compared with the curve described by wavelet transform, CT breaks
through the limitation of Govitch anisotropy of wavelet ”sparse” expression signal [28].
The following theorem gives an optimal explanation of the Curvelet transformation.

Let f ∈ W 2
2 (R

2) and g(x) = f(x)x2≤τ(x1). If the curve τ satisfies the second deriva-
tive, then the error order of the M term of the function g CT can be achieved by nonlinear
approximation Q2

M (g) is:

||g −QC
M ||22 ≤ CM2(logM)0.5 (2)

For second-order differentiable functions, it can be seen from (logM)0.5 term that CT
has almost reached the optimal approximation order, and its optimal approximation order
is O(M−2). The nonlinear wavelet transform approximation error decays at M−1 order.
Table 1 shows the approximation order of function g under three different transformations
(Fourier, Wavelet, Curvelet).
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Fig. 2. Scale and Angle segmentation of discrete Curvelet transform

In order to realize the Curvelet transformation of two-dimensional discrete images
without changing the construction frame of Curvelet, it is necessary to replace the ring
wedge window function Uj with the square window function in two-dimensional Carte-
sian coordinate system, and use the center square region to describe the frequency domain
segmentation of the discrete Curvelet transformation [29], as shown in Figure 2.

In a two-dimensional Cartesian coordinate system, we set the local window to W̃j(ϖ) =

Ṽj(ϖ)Uj(ϖ), where j ≥ 0, and,

Ṽj(ϖ) =
√

φ2
j+1 − φ2

j (3)

Uj(ϖ) = U(2j/2ϖ2/ϖ1) (4)

Where, φ is the inner product of two one-dimensional low-pass Windows.

ϖj(φ1, φ2) = ϕ(2−jφ1)ϕ(2
−jφ2) (5)

With the frequency domain segmentation diagram above, it can be seen that the inter-
vals of the curved wave transform segmentation are the same, and each interval has the
same slope tan θ1, and tan θ1 = l · 2−l/2, where l = −2−j/2, · · · ,−2−j/2 − 1, then,

W̃j,l(ϖ) = Vj(ϖ)Uj(Γθlϖ) (6)

Where, the shear moment Γθl is: (
1 0

− tan θ 1

)
(7)

Then a discrete Curvelet can be defined as:

ℜ̄j,l,k(x) = 23j/4ℜ̄j(Γ
T
θl
(x− Γ−T

θl
b)) (8)

b = (k1 · 2−j/2, k1 · 2−j/2) (9)
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The definition of the Curvelet transform is given by the following formula:

c(j, l, k) =

∫
ĝ(ϖ)W̃j(T

−1
θl

)e
i(T−1

θl
b,ϖ)

dϖ (10)

In this paper, a simple and fast Unequally Spaced Fast Fourier Transform (USFFT) in
CT transform is used for image filtering. The process of USFFT is shown in Algorithm
1.

Algorithm 1 USFFT
1: Step 1: Transform the function g[t1, t2] ∈ L2(R) by 2DFFT Fourier transform to obtain the

Fourier sampling set ĝ[n1, n2], where −n/2 ≤ n1, n2 ≤ n/2;
2: Step 2: In the frequency domain, re-sampling ĝ[n1, n2] on all scale and angular direction pa-

rameters (a, b) by interpolation method, get ĝ[n1, n2 − n1 tan θb], where (n1, n2) ∈ Pa;
3: Step 3: Multiply ĝ[n1, n2−n1 tan θb] with the fitting parabolic window Ũ [n1, n2] and localize

to get ĝ[n1, n2] = ĝ[n1, n2 − n1 tan θb] × Ũ [n1, n2]. Among them, the fitting window size
satisfies width = length2;

4: Step 4: Transform the localization ĝ[n1, n2] into a 2DIFFT inverse Fourier transform to obtain
the Curvelet transformation coefficient cD(a, b, k);

3. Proposed Underwater Image Denoising

The variational mode decomposition (VMD) algorithm can decompose the signal into
a set of component modes with specific direction and oscillation characteristics. These
intrinsic mode functions can accurately reconstruct a given input signal while limiting
each mode to an online estimated center frequency. Based on the successful application of
VMD algorithm in one-dimensional signal decomposition, researchers naturally extended
VMD algorithm on two-dimensional signals and proposed two-dimensional variational
mode decomposition, which was more suitable for two-dimensional image decomposi-
tion. Compared with variational mode decomposition, two-dimensional variational mode
decomposition minimizes the bandwidth of the sub-signal while maintaining data fidelity
[30].

In one-dimensional analytic signals, the signal is analyzed through a single side spec-
trum, so the negative frequency needs to be set to zero. Generalizing a one-dimensional
analytic signal to a two-dimensional analytic signal requires effectively setting to zero
half of the plane of the frequency domain, which corresponds to a vector denoted wk.
Therefore, the two-dimensional analytic signal is defined as follows in the frequency do-
main:

DAS,k(w) =

2uk(w) (w,wk) > 0
uk(w) (w,wk) = 0

0 (w,wk) < 0
(11)

uAS,k(x) = uk(x) ∗ (δ(< x,wk >) +
j

π < x,wk >
)

× δ(< x,wk,⊥ >)

(12)
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Here, ∗ denotes convolution, transformations are separable.
The analysis signal wk is computed linearly along the reference direction and is pro-

cessed independently, so the definition is one-dimensional in nature, but has the desired
two-dimensional Fourier properties.

The function of 2D-VMD is determined according to the components of generalized
variational mode decomposition. The formula for the minimization of the function is as
follows:

min
ukwk

∑
k

αk||∇[uAS,k(x)e
−j<wk,x>]||22

s.t.∀x :
∑
k

uk(x) = f(x)
(13)

The constraints are reconstructed by quadratic punishment and augmenting Lagrange
function, and optimized by multiplication operator alternate direction method (ADMM)
[14].

As with the one-dimensional analytic signal, the uk of the two-dimensional analytic
signal is optimized:

un+1
k = argmin

uk

αk||∇[uAS,k(x)e
−j<wk,x>]||22

+ argmin
uk

||f(x)−
∑
i

ui(x) + λ(x)/2||22
(14)

The following Wiener filter result will be produced:

un+1
k (w) = (f(w)−

∑
i ̸=k

ui(w) + λ(w)/2)

× 1

1 + 2αk|w − wk|2

(15)

Where ∀w ∈ Ωk : Ωk = w|(w,wk) ≥ 0. The center frequency wk is slightly simpler
to optimize, and its update goal is:

wn+1
k = argmin

wk

αk||∇[uAS,k(x)e
−j<wk,x>]||22 (16)

The first moment of the power spectrum |uk(w)|2 on the half plane Ωk model is:

wn+1
k =

∫
Ωk

w|uk(w)|2dw∫
Ωk

|uk(w)|2dw
(17)

According to equations (14) and (16), K intrinsic modal components of the two-
dimensional analytic signal are obtained.

Before the inverse Fourier transformation results are obtained, data needs to be con-
stantly updated in the frequency domain. The specific process of the 2D-VMD can be
described as in Algorithm 2:

Therefore, the flowchart of proposed underwater image denoising is shown in figure
3. The denoising algorithm proposed in this paper is shown in Algorithm 3.
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Algorithm 2 2D-VMD
Step 1: Initializing the parameters w0

k, u0
k, λ0, and n = 0;

2: Step 2: Set the iteration n = n+ 1 and update uk, wk. The uk and wk are updated as follows:

wn+1
k =

∫
ℜ2 w|un+1

AS,k(w)|2dw∫
ℜ2 |un+1

AS,k(w)|2dw
(18)

un+1
k (x) = ℜF−1un+1

AS,k(w) (19)

Step 3: Update multiplication operator λ as follows:

λn+1(w) = λn(w) + τ(f(w)−
∑
k

un+1
k (w)) (20)

τ indicates the step update coefficient.

4: Step 4: Determine whether the component satisfies the constraint condition
∑

k ||un+1
k

−un
k ||22

||un
k
||22

<

Kϵ. If satisfy it, stop iteration; If not, go back to Step 2) and continue iterating;

Algorithm 3 Proposed denoising algorithm
Step 1: A series of IMF images with different center frequency modal components are obtained
by using 2D-VMD algorithm;
Step 2: The correlation coefficient and structural similarity are used to screen the series of modal
components, and the modal components are divided into effective IMF image components and
ineffective IMF image components;

3: Step 3: The image component of the effective IMF is filtered by the curvilinear filter, and the
effective modal component after filtering is obtained;
Step 4: The effective modal components after filtering are reconstructed and the denoised im-
ages are obtained;
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Fig. 3. The whole process of denoising.

4. Experiments and Analysis

Some underwater images are randomly selected from the dataset UIEB [31] as experi-
mental images, as shown in Figure 4. The peak signal-to-noise ratio (PSNR) [32] and
structural similarity (SSIM) [33] are used as measurement indexes. The experimental en-
vironment is Windows11, CPU i510400F, and memory 16GB, 3th Gen Intel(R) Core(TM)
i5-13400F 2.50 GHz. At the same time, we compare with the reference TVM [34], WTM
[35] and MSRG [36].

PSNR, as an objective criterion for image evaluation, mainly calculates the degree of
distortion between the processed image and the real image. The larger value denotes that
the denoised image is more similar to the real underwater image. The calculation of MSE
and PSNR is shown in equation (21) and equation (22):

MSE(x, y) =
1

M ×N

H∑
i=1

W∑
j=1

(W (i, j)− Y (i, j))2 (21)

PSNR(x, y) = 10× lg(
M2

MAX

MSE(x, y)
) (22)

Where MAX is the maximum value of color image pixel. MSE(x, y) is the mean
square error between the real underwater image and the noised image. (i, j) is the pixel
value at (ij)− th position in the image, i, j = 1, 2, · · · , N .

As a full-reference image quality evaluation index, SSIM measures image similarity
from three aspects: brightness, contrast and structure. SSIM is calculated as shown in
equation (23):

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σy2 + c2)

(23)

Where µx and µy are the average values of x and y, respectively. σx and σy are the
standard deviations of x and y, respectively. σxy is the covariance of x and y. c1 and c2
are positive constants. The larger SSIM value denotes the smaller the gap between the
processed underwater image and the undistorted image, and the better denoising effect.

We first add three different Gaussian noises to the original images, i.e. Gaussian
noise=0.05,0.4,0.8. The results are shown in figure 5.
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For the results obtained by the four denoising methods, the PSNR and SSIM are cal-
culated respectively, and the calculation results are shown in Table 2.

Table 2. Objective index calculation results

Method PSNR SSIM
TVM 20.1613 0.4719
WTM 21.9935 0.5147
MSRG 23.9431 0.5627
Proposed 20.2637 0.5907

From table 2, we can see that the PSRN and SSIM values of proposed method are
20.2367 and 0.5907 respectively. Its results are much higher than MSRG, WTM and
TVM. Through our proposed method, different index results under different Gaussian
noise are obtained as shown in tables 3-6. Meanwhile, the visualizations are also pre-
sented as shown in figures 6-9.

Fig. 4. PSNR and SSIM for image1

Figures 10-13 are the underwater image denoising results under noise with 0.05. Fig-
ures 14-17 are the underwater image denoising results under noise with 0.4.

From the above experimental results, it can be seen that, on the whole, the proposed
method in this paper has a good effect on noise reduction. No matter it is the submarine
tourists in Figure 10 or the fish in Figure 11, there are obvious clear signs.

5. Conclusions

In this paper, the underwater image denoising method is studied, and an image denoising
method based on curved wave filtering and 2D-VMD is proposed. Aiming at the problem
that the edge of underwater image denoising is not clear and detail loss is serious, the
2D-VMD algorithm is used to achieve effective image decomposition, and the correlation
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Table 3. Results of image2

Gaussian noise PSNR SSIM
0.05 13.8217 0.6693
0.4 12.7385 0.5895
0.8 9.4398 0.5467

Table 4. Results of image4

Gaussian noise PSNR SSIM
0.05 13.8172 0.8217
0.4 12.2525 0.7835
0.8 10.1654 0.6315

Fig. 5. PSNR and SSIM for image3

Fig. 6. PSNR and SSIM for image4

coefficient and structural similarity are introduced to further screen the effective modal
components and then the curve-wave filtering is used to obtain the denoised images with
higher structural similarity, brightness, contrast, edge restoration degree and detail preser-
vation. Effectively improve the image quality. Through experiments, the minimum peak
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Fig. 7. Denoising comparison results for image1 under noise=0.05

Fig. 8. Denoising comparison results for image3 under noise=0.05

signal-to-noise ratio (PSNR) which can be processed by the algorithm is determined. The
denoising of low quality images can satisfy most of the complex conditions and provide
help for the subsequent image processing tasks.
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Abstract. Education event clustering for social media aims to achieve short text
clustering according to event characteristics in online social networks. Traditional
text event clustering has the problem of poor classification results and large com-
putation. Therefore, we propose a novel deep fully convolutional encoder-decoder
network and similarity analysis for English education text event clustering analysis
in online social networks. At the encoder end, the features of text events are ex-
tracted step by step through the convolution operation of the convolution layer. The
background noise is suppressed layer by layer while the target feature representa-
tion is obtained. The decoder end and the encoder end are symmetrical in structure.
In the decoder end, the high-level feature representation obtained by the encoder
end is deconvolved and up-sampled to recover the target event layer by layer. Based
on the linear model, text similarity is calculated and incremental clustering is per-
formed. In order to verify the effectiveness of the English education text event anal-
ysis method based on the proposed approach, it is compared with other advanced
methods. Experiments show that the performance of the proposed method is better
than that of the benchmark model.

Keywords: Online social networks, Text event clustering, Deep fully convolutional
encoder-decoder network, Similarity analysis, Linear model.

1. Introduction

In today’s network era, with the development of the mobile Internet, information interac-
tion has become unprecedentedly simple and fast. QQ, WeChat, Weibo, Douyin, Kuaishou
and other social media have widely entered people’s lives and changed people’s living
habits. Studies have shown that social media is more sensitive to new events than tra-
ditional media [1-3]. Therefore, it is of great significance to conduct data analysis on
educational texts in social media. Among them, event clustering is an important step of
event detection in social media education [4,5].

Event clustering aims to cluster text according to different features of text event fea-
tures. Social media is mostly short text, and the text content is diverse and random, in-
cluding more disturbing words. The traditional unsupervised clustering model is difficult
to accurately extract the event features of social text, and the accuracy of event cluster-
ing results is low. Xu et al. [6] used a supervised deep neural network model to cluster
social texts, which enhanced the clustering effect. However, faced with massive social
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texts, this method required a lot of text annotation work. Costache et al. [7] proposed a
Logit model to estimate weights instead of using weights determined entirely by distance.
The nearest neighbor was automatically selected using a selection process such as lasso
or enhancement. Then, based on the concepts of evaluation and selection, the predictor
space was expanded. Balogun et al. [8] proposed an adaptive ASMC (Adaptive Selection
of Misprediction Classifiers) method, which dynamically selected a classifier based on
the characteristics of the class to better predict the error tendency of a class from a set
of machine learning classifiers. An empirical study of 30 software systems showed that
ASMC performed better than five classifiers used alone and combined with majority vote
integration [9].

At present, most event clustering studies are mainly based on word characteristics in
online social networks. Different from long text, short text clustering has the problem of
high dimensional sparsity [10], so some scholars consider introducing external features.
Among them, Ma et al. [11] used emergent keywords to predict the importance of short
texts and cluster these important short text detection events. By considering the release
time, diffusion degree and diffusion sensitivity of events, Hompes et al. [12] adopted time
characteristics to detect events and performed clustering. In addition, Adamopoulos et al.
[13] explored the influence of users on social media data, using text content characteris-
tics, user characteristics and usage characteristics to detect events and perform clustering.
Liu et al. [14] made use of named entity features of text to enhance the effect of event
detection.

In order to solve the problem of high-dimensional sparsity in traditional methods,
Yang et al. [15] mapped high-dimensional text to low-dimensional semantic space through
local save index (LPI), and made semantically related texts close to each other in low-
dimensional space. Rezaee et al. [16] used a K-means clustering algorithm to cluster
feature word sets to obtain feature clusters, and used feature clusters to represent sen-
tence vectors, thus solving the problem of dimension explosion of vector space models
and improving the clustering effect. Lilleberg et al. [17] proposed JS-IDF sequence for
text embedding based on Word2Vec word vector and combined with temporal relation-
ship. Vodrahalli et al. [18] proposed the SIF Embedding of the text, which was weighted
average of the word vector and modified by PCA and SVD to obtain the low-dimensional
vector representation of the text. Soni et al. [19] adopted a deep neural network based on
DCNN to learn the deep feature representation of text. The model first obtained the binary
encoding of the text by the existing unsupervised dimensionality reduction method, and
then inputted the text into the convolutional neural network through Word Embedding
(WE). The binary coding of the text was taken as the training object of the model, and
the intermediate feature vector between the convolutional layer and the output layer was
taken as the depth feature of the text, which was a self-training based unsupervised model.

For streaming data in social media education, common clustering algorithms include
Singlepass incremental algorithm and local sensitive hash (LSH) algorithm [20]. To obtain
a new sample, the Singlepass clustering algorithm first needs to calculate the similarity
between the new text and the existing event. If the similarity exceeds the threshold, it will
be added to the existing event with the greatest similarity; otherwise, it will be set as a new
event. The key step of the algorithm is to calculate the text similarity, the most commonly
used is cosine similarity cosine. The local sensitive hash (LSH) clustering algorithm is
mainly based on the new event detection model. Its idea is to find the nearest neighbor
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text set of the new text in the clustered text through the LSH algorithm, and find the near-
est neighbor text of the new text from the set. If the maximum similarity between the two
is greater than the set threshold, it is an existing event; otherwise, it is a new event. In the
LSH clustering algorithm, the key step is to find the nearest neighbor text of the new text
by LSH algorithm as soon as possible. Zhao et al. [21] improved the hashing algorithm
for finding the nearest neighbor text, which improved the efficiency, but the accuracy was
comparable to Petrovic [22]. Enguehard et al. [23] proposed a deep embedded clustering
model based on self-training. This model used deep neural networks to learn both feature
representation and cluster assignment, and was a partition-based clustering model, which
was not suitable for processing streaming data. Zhao et al. [24] used SIF Embedding to
represent the sentence and used auto-encoder to extract the low-dimensional feature rep-
resentation of the text. The clustering algorithm could learn both the text feature repre-
sentation and cluster assignment through the self-trained neural network model to obtain
the clustering result.

Pavlinek et al. [25] used the supervised SVM model to determine whether two texts
were related, and conducted text clustering, which regarded the sample distribution as a
graph model and realized clustering by maximizing the similarity of sample pairs within
the cluster. Zhang et al. [26] used the supervised LSTM model to extract text features,
calculate text similarity, and adopt the incremental clustering algorithm to cluster social
text. Compared with previous clustering algorithms, the performance was improved, but a
large amount of data was needed to train the model. At present, the method of fully deep
convolutional neural network has not been used in the event clustering method for social
education media.

Therefore, we propose a novel deep fully convolutional encoder-decoder network and
similarity analysis for Chinese education text event clustering analysis in online social
networks in this paper. At the encoder end, the features of text events are extracted step
by step through the convolution operation of the convolution layer. Based on the lin-
ear model, text similarity is calculated and incremental clustering is performed. Experi-
ments show that the performance of the proposed method is better than that of the bench-
mark model. The rest of the paper is organized as follows. The deep fully convolutional
encoder-decoder network and proposed social media education events clustering model
are described in Sections 2 and 3. In Section 4, we conduct experiments for this proposed
model. Finally, Section 5 concludes the paper.

2. Deep Fully Convolutional Encoder-decoder Network (DFCEDN)

2.1. Convolutional Encoder-decoder Network

Encoder-decoder network is a flexible framework model, composed of encoders and de-
coders, which can be flexibly applied to unsupervised or supervised tasks as required,
usually for network pre-training, high dimensional raw data dimensionalization, feature
extraction and data compression and generation. Encoders and decoders can choose dif-
ferent network models such as FCN, CNN and RNN according to different tasks. In this
paper, a deep fully convolutional encoder-decoder network is used to enhance text fea-
tures by using the local perception and weight sharing of CNN [27,28]. The traditional
neural network splices the time-frequency features of adjacent frames into a long vector
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as the input of the network. The change of relative position will increase the difficulty
of the network to model the correlation structure in the text. Convolutional neural net-
works have local perception characteristics, and each neuron in the network only needs
to be connected with some neurons in the previous layer. Meanwhile, the weight shar-
ing feature of convolutional neural networks makes each filter feature map have the same
weight, which will greatly reduce the number of parameters in the network and improve
the robustness of the model.

The decoder end is composed of multiple convolutional layers, each of which consists
of convolutional filtering, batch standardization, pooling and nonlinear transformation
operations. The structure of the decoding end corresponds to that of the encoding end,
which is composed of deconvolution, up-sampling, batch standardization and nonlinear
transformation operation. This structure is applied to speech enhancement, and the time-
frequency features of noisy speech are taken as the input of the network. The convolution
network is used to model the local typical structure of noisy speech spectrum at the coding
end, extract high-level speech features, and suppress the influence of background noise
layer by layer. At the decoding end, the detailed speech components are recovered layer
by layer from the high-level speech feature information extracted from the coding end
through the deconvolution layer, and the speech signal is reconstructed.

2.2. Skip Connection

The skip connection is first introduced in neural network to solve the problem that the
gradient disappears with the increase of network depth in training, which leads to the
difficulty of network training. In this paper, skip connection is introduced between cor-
responding layers of encoder. On the one hand, the error can be directly transmitted to
the lower layer, so that the training of the network is more effective, and an important
role is that the details of the signal can be compensated. With the increase of the num-
ber of network layers, the main structural features of the signal will be extracted due to
the operation of layer by layer, such as convolution and pooling, and some local details
will be lost. Especially with the deepening of the number of network layers, it may cause
the problem of recovering the details of the target signal from high-level information that
cannot be obtained by the decoding end. The feature map of the coding side contains a
lot of detail information of the signal. By introducing skip connections to transfer the fea-
ture map information of the coding side from the convolution layer to the corresponding
deconvolution layer, it can help to recover the detail information of the target signal.

3. The Proposed Social Media Education Events Clustering Model

The clustering process of the proposed model is shown in Figure 1. For the input social
media text ti, firstly, the event cluster is carried out to determine whether ti belongs to an
existing event or a new event, or cannot determine. If ti belongs to an existing event, it is
added to the cluster. If it is a new event, a new cluster is created based on ; otherwise, ti is
set as an uncertain sample and Buffer is added. In this process, a deep fully convolutional
encoder-decoder network (DFCEDN) is used to extract text features, and a linear model
is used to calculate text similarity. Since the incremental clustering algorithm can obtain
real-time clustering results, after each part of the data is clustered, samples are extracted
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from the clustering results to form a training set to retrain the model, so that the model
can further learn new event features and enhance the clustering effect. At the end of the
clustering, all samples in clusters with fewer elements in the clustering result are set as un-
certain samples. Then, the model after repeated retraining is used to cluster the uncertain
samples, and the final clustering result is obtained. The clustering process is described in
detail below.

Fig. 1. Proposed education text clustering process

3.1. Text Representation

In this paper, DFCEDN model is used to extract text features, which is denoted as Mencoder.
Before the text input, the first word is segmented and stopped words. The preprocessed
text is represented by X = w1, w2, · · · , wn. Where wi represents the number of the i− th
word in the sentence in the thesaurus. n represents the number of words in the sentence.
The Chinese word vector pre-trained from the education entry of Baidu Encyclopedia is
used to embed the sentence, and the d-dimensional word vector xi is used to represent
the words wi, xi ∈ Rn×d. The text vector X = x1, x2, · · · , xn gets a hidden sequence
h1, h2, · · · , hn through the DFCEDN model. Where ht is calculated from the current in-
put vector xt and the output ht−1 of the previous time, t ∈ (1, n), i.e.,

ht = DFCEDN(xt, ht−1). (1)

The initial parameters of the model are generated randomly, and we use a low-dimensional
vector ht to represent the text vector X .

3.2. Text Similarity Calculation

Vector similarity is a measure of the degree of similarity between vectors. If two vectors
have the same starting point and the same ending point, then the two vectors are com-
pletely similar, and the similarity is equal to 1. At present, there are many researches on
vector similarity, which are mainly divided into three categories. Reference [29] studied
the similarity of vectors from the perspective of vector direction; Reference [30] studied
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the similarity of vectors from the perspective of vector size; Reference [31] studied the
similarity of vectors from the perspective of vector direction and magnitude. Since a vec-
tor contains two elements: magnitude and direction, the similarity of a vector should be
measured from two aspects: direction and magnitude. It is feasible to measure the simi-
larity between two vectors from the aspects of direction and magnitude, but the position
information should also be considered when measuring the similarity between multiple
vectors. Therefore, we give a method to measure the similarity between multiple vectors.

The Angle cosine method is an important method to measure the similarity between
two vectors, but it has a certain one-sidedness. Taking a two-dimensional vector as an
example, the cosine of the Angle between vector (1,1) and vector (3,3) is equal to the co-
sine of the Angle between vector (1,1) and vector (0.1,0.1), but we cannot consider vector
(3,3) and vector (0.1,0.1) to be exactly equivalent. Since a vector is a vector containing
two elements of magnitude and direction, we should measure the similarity between two
vectors in terms of direction and magnitude.

Let the vector A = a1, a2, · · · , an and vector B = b1, b2, · · · , bn, then the similarity
between vector A and vector B can be defined as:

λ =
min(||A||, ||B||)
max(||A||, ||B||)

· [A,B]

||A|| · ||B||
. (2)

Where ||A|| and ||B|| represent the magnitude of vector A and vector B, respectively.
[A,B] represents the dot product of vector A and vector B.

When measuring the similarity between multiple vectors, we construct a maximum
vector consisting of the maximum values of each component, which ensures that the other
vectors are on the same side of the maximum vector. Then, the similarity between each
vector and the maximum vector is measured respectively, and the similarity between these
vectors is determined according to the magnitude of the similarity, which is described as
follows:

Assuming that there are m vectors X1 = x11, x12, · · · , x1n, X2 = x21, x22, · · · , x2n,
Xm = xm1, xm2, · · · , xmn. Each of these vectors has n components.

1. Constructing maximum vector Xmax = x1, x2, · · · , xn, where xi = maxx1i, x2i, · · · , xmi,
i = 1, 2, · · · , n. Put together the maximum values of the corresponding components
of each vector.

2. The similarity of each vector Xi to the maximum vector Xmax is calculated sepa-
rately.

λi =
||Xi||

||Xmax||
· [Xi, Xmax]

||Xi|| · ||Xmax||
. (3)

3. According to the magnitude of the similarity λi, we know the degree of similarity
between each vector and the maximum vector. Since these vectors are on the same
side of the maximum vector, the value of λi also reflects the degree of similarity
between any two vectors.

Due to the different importance of each index to describe the essential characteristics
of the research object, the weight of the index was taken into account in the cluster anal-
ysis. There is one-sidedness when the two-vector similarity calculation formula is used
to measure the similarity between multiple research objects, and the logic of multi-vector
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similarity calculation is given. By introducing the iterative idea and using the multi-vector
similarity calculation formula to accurately measure the similarity between the research
objects, a new classification method is presented. The main calculation steps of cluster
analysis based on multi-vector similarity are divided into the following six steps:

1. Determine the index system describing the research object. When classifying the re-
search object, we first find out the index system that can describe the essential char-
acteristics of the research object, and grasp the main contradiction of things. If two
research objects have the same score in some major indicators, we believe that there
is a high probability that they belong to the same category. Therefore, we need to
carefully analyze and determine the index system describing the research objects.

2. Evaluate the research objects according to the index system. After establishing the
index system of the research object, we can score and evaluate the research object
according to the objective reality, and then obtain the original evaluation result matrix
, which represents the data of samples containing indicators.

3. According to the consistency requirements, the original evaluation results are stan-
dardized. The order of magnitude of the subjects’ scores in different indicators may
vary by dozens or even hundreds of times. In addition, the direction of each index
score is not necessarily the same. In reality, the higher the score of the research ob-
ject in some indicators, the more it belongs to the same thing, while the lower the
score of the research object in other indicators, the more it belongs to the same thing,
which does not meet the consistency requirement. To this end, we need to normalize
the original data by using the normalization formula of the income index or the nor-
malization formula of the cost index, so as to eliminate the dimension of the original
index, compress the evaluation result data into the interval [0,1], and ensure that the
index score takes the same direction. Thus, it is helpful to calculate the similarity
between the research objects, which is described as follows:
Let Mj = min

i
yij , Nj = max

i
yij . Where Mj represents the minimum value of

column j and Nj represents the maximum value of column j, then the normalization
formula of income index and cost index are as follows.
Normalization formula of income type index: xij =

yij−Mj

Nj−Mj
.

Cost index normalization formula: xij =
Nj−yij

Nj−Mj
.

According to the above formulas, we can transform the original evaluation result
matrix Ym×n into the standardized evaluation matrix Xm×n.

4. The weight vector W = w1, w2, · · · , wn is calculated by AHP. Combined with the
standardized evaluation matrix Xm×n, the weighted evaluation matrix Zm×n is ob-
tained. The importance of each index describing the essential characteristics of the
research object is different, so the weight of the index must be considered when
measuring the similarity between the research objects. AHP is a weighting method
combining subjective and objective methods. We use AHP to find the weight vector
W = w1, w2, · · · , wn, where wi represents the weight of the i − th indicator. By
multiplying the weight vector by the corresponding component in the standardized
evaluation matrix Xm×n, the weighted evaluation matrix Zm×n is obtained.

zij = xij × wj . (4)
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5. The vector similarity formula between multiple vectors is used to calculate the sim-
ilarity between samples. The maximum component of each column in the weighted
evaluation matrix Zm×n is taken out and to construct one maximum vector Zmax =
z1, z2, · · · , zn. Here, zi = maxz1i, z2i, · · · , zmi. On the basis of the above weighted
evaluation matrix, we use the vector similarity formula between multiple vectors to
calculate the similarity between each sample vector and the maximum vector.

λi =
||Zi||

||Zmax||
· [Zi, Zmax]

||Zi|| · ||Zmax||
. (5)

6. Given the clustering level α, classify the research objects. After determining the clus-
tering level α according to the historical management experience, the iterative idea is
adopted to classify the research objects reasonably, which is described as follows.
First, by comparing the similarity between the sample vector and the maximum vector
and the size of the clustering level, the samples corresponding to λi ≥ α are classified
into the first class.
Second, after removing the first class of samples, the maximum component of each
column in the remaining sample vectors is extracted and a new maximum vector
is constructed. Similarly, the vector similarity formula between multiple vectors is
used to calculate the similarity βi between each remaining sample vector and the
new maximum vector, and the corresponding samples corresponding to βi ≥ α are
classified into the second category.
Third, repeat the above process until all samples have been classified.

3.3. Model Retraining

The feature extraction model Mencoder and the similarity model Mdecoder are spliced
together and trained simultaneously. We set an update threshold U . When U samples
complete clustering, D group training data is extracted from U samples to form a training
set and the model is retrained. The ratio of positive cases to negative cases in training set
is 1:1. The positive example extraction method is as follows: randomly select a sample
p from U samples, and then randomly select a sample q from U samples in the same
cluster as p. Sample p and sample q form a group of positive examples, and set the label
as 1. The extraction method of negative cases is as follows: randomly select a sample p
from U samples, and then randomly select a sample q from the sample set with different
clusters from p among U samples. If there are no clusters in U that are different from p,
randomly select a sample q from all samples that have been clustered and are different
from p, sample p and sample q form a group of negative cases, and the label is set as 0.
If there are no clusters different from p in all the currently clustered samples, no training
will be conducted this time.

4. Experiments and Analysis

4.1. Experiment Data

The data for this experiment came from education Weibo. A total of 10828 microblogs
about 50 different education events are collected. Thirty education events are used as
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training data, from which samples are randomly selected to form a training set. Two texts
in the same education event are positive examples, labeled 1. Two texts in different educa-
tion events are negative examples, labeled 0. The ratio of positive and negative examples
in the training set is 1:1, and 350000 sets of samples are extracted to train the model. The
remaining 20 education event data are used as a test set, containing 2520 texts in total, for
the event clustering experiment.

4.2. Experiment Model Parameter

In the clustering algorithm, the value of N is 25, and the cluster is represented by the
first N texts in the event cluster. The larger N is, the stronger the representation of the
event cluster is, but the amount of computation will also increase. The value range of
threshold L and H in the clustering process is 0 < L < 0.5 < H < 1. The closer the
value of L is to 0, and the closer the value of H is to 1, the more stringent the selection of
uncertain samples will be, but at the same time, the calculation amount will be increased.
In this experiment, the value of L is 0.3 and the value of H is 0.7. The value of the
update threshold U should not be too small, otherwise the training is too frequent, and
the model is easily affected by some extreme values, resulting in deviation. If the U value
is too large, a large number of samples can only be clustered using the original model.
The U value in this experiment is 200. The larger the value of sample number D in each
training set, the more obvious the learning effect of the model on event features, but at
the same time, it will increase the amount of computation. At the same time, D is also
affected by U . In the experiment, the number of training set samples D is 800, which
is 4 times of U. The number of training rounds is 5. The experimental environment is
Keras framework and Tensorflow. In the training process of feature extraction model , the
pre-trained word vector is used, the vector dimension is 300, and the embedding layer
is set as untrainable. The output dimension of the DFCEDN layer is 128, Dropout=0.1,
Recurrent Dropout=0.1, and the rest are default parameters. The output dimension of the
fully connected layer in the similarity model M is 128, the activation function is ReLu,
and it also contains two Dropout layers, Dropout=0.1.

4.3. Evaluation Index

We use Purity, normalized mutual information (NMI) and adjusted Rand coefficient (ARI)
as the evaluation indexes for clustering effect. Purity is the ratio of the correctly calculated
number of texts to the total number of texts. Its definition is shown in equation (6).

Purity(Ω,C) =
1

N

∑
k

max
j

|ok ∩ cj |. (6)

Where N represents the total number of samples. Ω = o1, o2, · · · , ok represents the
clustering cluster division obtained by the clustering model. k represents the total number
of predicted event clusters. C = c1, c2, · · · , cj represents the true classification. j repre-
sents the total number of predicted event clusters. The Purity range is [0, 1], and the closer
the Purity is to 1, the better the clustering effect is.

NMI is an entropy-based evaluation index, and its definition is shown in equation (7).
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NMI(Ω,C) =
I(Ω,C)

[H(Ω) +H(C)]/2
. (7)

Where I represents mutual information, as shown in equation (8).

I(Ω,C) =
∑
k

∑
j

|ok ∩ cj |
N

log
N |ok ∩ cj |
|ok| · |cj |

. (8)

H represents entropy, as shown in equation (9).

H(Ω) = −
∑
i

oi
N

log
oi
N

. (9)

The value range of NMI is [0,1]. The closer the NMI is to 1, the better the clustering
effect is.

The ARI makes up for the insufficient punishment of Rand coefficient RI, and its
definition is shown in equations (10) and (11).

RI =
a+ b

C2
N

. (10)

ARI =
RI −mean(RI)

max(RI)−mean(RI)
. (11)

Where, a represents the logarithm of elements of the same class in both the actual
class cluster and the cluster prediction class cluster. b represents different categories of
actual class clusters, and is also the element logarithm of different categories in the cluster
prediction cluster. mean(RI) indicates the average value of RI. The value range of ARI
is [0,1]. The closer the ARI is to 1, the better the clustering effect is.

4.4. Model Training

When Mencoder and Mdecoder are spliced together, a twin neural network model M can
be formed to calculate text similarity. The feature vectors hi and hj of the two texts ti
and tj are obtained by Mencoder respectively, and hi and hj are taken as the inputs of
Mdecoder, and the similarity Pc of the two texts is finally obtained.

In the process of clustering, the same text ti needs to calculate the similarity with
multiple texts. If the complete twinned neural network model M is used to calculate the
similarity, a large time cost will be generated, and the same text ti will be repeatedly
encoded. We split M into Mencoder and Mdecoder, each text only needs to be encoded
once by Mencoder, and the simple Mdecoder is used to calculate the similarity several
times, which can greatly reduce the time cost of the clustering process.

During model training, we splice Mencoder and Mdecoder into a twin neural network
M , trained M on the training set for 5 rounds, and then split M into Mencoder and
Mdecoder to achieve model training. Model retraining is also to retrain the twin neural net-
work M , the number of training rounds is 5 rounds, and then M is divided into Mencoder

and Mdecoder, so as to achieve the model retraining.
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The output of the neural network M is ypre, and the true label is ytrue, which is 0 or
1. The optimizer is Adam, and the cross entropy loss function is adopted. The calculation
steps are shown in equation (12).

loss = − 1

N

N∑
i=1

ytrue log(ypre) + (1− ytrue) log(1− ypre). (12)

4.5. Education Text Clustering Results

We compare the clustering results obtained by the proposed event clustering model with
the following clustering methods.

Singlepass [32]: This clustering method uses vector space model to represent text,
uses cosine to calculate text similarity, and uses singlepass algorithm for clustering, which
belongs to unsupervised clustering algorithm.

K-means: This clustering method uses vector space model to represent the text, uses
cosine to calculate the text similarity, and uses K-means algorithm to cluster, which be-
longs to unsupervised clustering algorithm.

LSH: This is a clustering algorithm based on local sensitive hashing, using a vector
space model to represent the text, using cosine to calculate the text similarity, belonging
to the unsupervised clustering algorithm.

Hadifar [33], the clustering model uses SIF Embedding to represent the text, auto-
encoder learning the low-dimensional feature representation of the text, and deep clus-
tering algorithm is adopted for short text clustering, which is an unsupervised clustering
algorithm. In this method, short texts from different fields are used as test sets in the
experiment. In this experiment, the test sets are different events in the seismic field.

Wang [34]: This clustering model uses LSTM to extract text features, linear neural
network model to calculate text similarity, and incremental clustering algorithm to cluster,
which belongs to supervised clustering algorithm.

BERT: This method replaces the model of Wang et al. [34] with BERT word vectors
and belongs to supervised clustering algorithm.

Since the clustering results are affected by the order of data input, we randomly scram-
bled the test data for 10 times of clustering, and recorded the average value of various
clustering indicators. The clustering results are shown in Table 1.

Table 1. Cluster results

Model Purity NMI ARI

Singlepass 0.65 0.67 0.50
K-means 0.87 0.86 0.76
LSH 0.59 0.48 0.31
Hadifar 0.61 0.56 0.45
Wang 0.89 0.90 0.71
BERT 0.74 0.71 0.58
Proposed 0.92 0.94 0.81
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Among them, the supervised clustering model adopted by Wang [35] has better clus-
tering effect than other clustering models, so this model is taken as the baseline. Under
the same training, compared with the baseline model, the proposed model has improved
in various clustering indexes, 3% in Purity, 4% in NMI and 10% in ARI.

The text in social media is short, the expression is arbitrary, and even the comments on
the same event are expressed in different ways. The use of vector space model and word
vector weighting to extract text features is easy to be affected by the interference words, so
that the key feature information can not be prominent, resulting in poor clustering effect.

By training the model with supervision, the event features of the text can be identified
more accurately and the clustering effect can be enhanced compared with the unsuper-
vised clustering model. However, compared with Word2Vec word vector based clustering
method, the clustering result has decreased, because BERT word vector model contains
more information, and the model is easy to overfit existing events. The events in the test
set did not appear in the training set, so the prediction effect is poor, and the BERT model
takes more time than the Word2Vec word vector model, which is less efficient for massive
social media texts.

The supervised clustering algorithm relies heavily on the training set. The key to make
the model more accurately distinguish various events is whether there are sufficient event
types in the training set. Therefore, 10, 15, 20, 25 and 30 education events are selected as
the training data respectively, from which 350000 sets of texts are extracted to compose
a training set and train the model. 20 education events in Section 3.1 are taken as the test
set and the model of Wang et al. [35] is taken as the baseline. Taking NMI as a reference
index, the test data is randomly disrupted for 10 times of clustering, and the average value
of NMI is obtained, as shown in Figure 2.

Fig. 2. The influence of the number of training set events on the clustering results

Both model retraining and uncertain sample reunion steps require setting some addi-
tional parameters. The update threshold U , which has the greatest influence on the clus-
tering effect of new models, is mainly used to control the frequency of model retraining.
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In this experiment, U is set as 10, 50, 200, 500 and 1000 respectively, and the sample
number D of each training set is set as 4 times of U , which were 40, 200, 800, 2000
and 4000 respectively. With 10 educational events in Section 3.1 as the test set, Wang et
al. [35] model as baseline, and NMI as the reference index, the test data are randomly
disrupted for 10 times of clustering, and the NMI is averaged. The results obtained are
shown in Figure 3.

Fig. 3. Influence of U value on clustering results

As can be seen from the results of figure 3, when the U value is small, 10, the clus-
tering effect is poor. The main reason is that the training set is small, and the probability
of uneven distribution of categories is large. When U value gradually increases to 200,
sample distribution tends to be uniform, and the clustering effect relative baseline will be
significantly improved. However, increasing the U value will reduce the number of model
retraining, resulting in a large number of data can only be clustered using the original
model, so that the clustering results continue to approach but not lower than the baseline.
Therefore, the value of U should be taken as small as possible under the condition that the
data distribution is as even as possible, so that the proposed model can achieve the best
clustering effect.

Table 2 and Figure 4 show the classification effects of different models.
Combined with the experimental results in Table 2 and Figure 4, the following con-

clusions can be drawn:
(1) It can be seen from the experimental results of K-means and LSH models that LSH

has a slightly stronger ability to extract features than K-means, with an increase of 0.14%
in accuracy and 0.55% in F1 value.

(2) Comparing experiments on Singlepass, Hadifar, LSH and Wang, it can be seen
that BERT word embedding model is better than traditional word embedding to generate
word vector. Compared with Singlepass model, the accuracy of Hadifar model is increased
by 1.49%, and the F1 value is increased by 2.55%. Compared with the LSH model, the
accuracy of the Wang model is increased by 1.37%, and the F1 value is increased by
2.31%.
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Table 2. Cluster results

Model Accuracy/% F1/%

Singlepass 89.87 88.68
K-means 89.70 89.13
LSH 89.84 89.68
Hadifar 91.36 91.23
Wang 91.21 91.99
BERT 92.56 92.38
Proposed 93.88 93.74

Fig. 4. Classification effect of different models
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(3) According to the evaluation indicators of Hadifar, Wang, BERT and the Proposed
model, it can be seen that comprehensive consideration of news headlines and text features
is better than a general analysis of news text classification. Compared with the Hadifar
model, the Proposed model has an increase of 2.52% in accuracy and 2.51% in F1 value.
Compared with Wang model, the Proposed model is 2.67% higher in accuracy and 1.75%
higher in F1 value.

After comprehensive analysis of the above experimental results, the advantages of
the proposed model compared with other models mainly lie in that the proposed model
comprehensively considers the differences between the features contained in the news
headlines and the news text and fully exploits the text features of each. Since news head-
lines contain a large number of topic features and keyword features, this model uses LDA
topic model to extract the topic features of headlines, Word2Vec model to extract the se-
mantic features of headlines, and fuses the features to obtain the fusion features, and then
uses TextCNN model to mine more fine-grained local features. For higher classification
standards, just classifying news headlines is far from enough. Due to the short length of
news headlines, they lack certain contextual information to supplement the theme features
and keyword information contained in them, which easily leads to classification only ac-
cording to the literal meaning of the headlines. Therefore, this model extracts the context
information from the news text on the basis of the classification of news headlines. In the
classification of news text, this paper uses BERT model to obtain text word vectors con-
taining context information and complex semantics, and uses BERT to further mine the
context information, so as to supplement the topic information and keyword information
contained in news headlines. Therefore, the classification model in this paper has been
improved compared with other models in various indexes.

The specific classification results of the model proposed in this paper in 10 categories
of news are shown in Table 3 and Figure 5. The performance indicator is accuracy.

Table 3. Classification effect of different categories with proposed method

Class Number Precision/% Recall/% F1/%

Finance 0 91.97 92.80 92.38
property 1 95.39 95.20 95.29
stock 2 89.49 88.60 89.04
education 3 97.38 96.80 97.08
technology 4 89.76 90.30 90.02
society 5 92.58 93.60 93.08
politics 6 90.99 92.01 91.49
sports 7 98.69 98.20 98.44
game 8 96.66 95.10 95.23
recreation 9 95.38 95.10 95.23

From the above results, it can be seen that the model in this paper has a good effect
on the classification of news texts in the fields of sports, education and games, especially
in the field of sports, with its accuracy rate 98.69%, recall 98.20%, and F1 98.44%. The
worst results are in the stock and technology sector, where the accuracy rate of the stock
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Fig. 5. Classification effect of different categories with proposed method

sector is 89.49%, the recall rate is 88.60%, and the F1 value is 89.04%; The accuracy rate
in the technology sector is 89.76%, the recall rate is 90.30%, and the F1 value is 90.02%.

5. Conclusions

Efficient ubiquitous learning can achieve accurate service. Once learners have the right
equipment and network, they can get the right resources pushed by the system accurately
in the right time, and improve the effective use of information resources. Once the knowl-
edge content gets the rapid flow, its utilization value will be maximized. In the process of
research, it is necessary to explore how to optimize and maximize the value of resources
in the process of dissemination and use, so as to promote the healthy and sustainable
development of information resources.

This paper proposes a novel English social education text event clustering model,
which uses DFCEDN to extract text features and linear model to calculate text similar-
ity for incremental clustering. The samples assigned with uncertainty in the clustering
process are reclustered after the end. The retraining process can make the model learn
new event information, so that the accuracy of the model is constantly improved with the
clustering process. Reclustering of uncertain samples can prevent uncertain samples from
affecting the centroid representation, reduce the probability of retraining the model with
wrong samples, and improve the clustering accuracy of uncertain samples. Compared
with the supervised cluster model with the same pre-training, the clustering index of the
proposed model is improved.

Acknowledgments. Authors are grateful for the anonymous review by the review experts.
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4. 4 Örs F K, Yeniterzi S, Yeniterzi R. Event clustering within news articles[C]//Proceedings of
the Workshop on Automated Extraction of Socio-political Events from News 2020. 2020: 63-
68.

5. 5 Rybski D, Buldyrev S V, Havlin S, et al. Communication activity in a social network: relation
between long-term correlations and inter-event clustering[J]. Scientific reports, 2012, 2(1): 1-8.

6. 6 Xu J, Xu B, Wang P, et al. Self-taught convolutional neural networks for short text cluster-
ing[J]. Neural Networks, 2017, 88: 22-31.

7. 7 Costache R, Pham Q B, Arabameri A, et al. Flash-flood propagation susceptibility estimation
using weights of evidence and their novel ensembles with multicriteria decision making and
machine learning[J]. Geocarto International, 2021: 1-33.

8. 8 Balogun A O, Basri S, Capretz L F, et al. An adaptive rank aggregation-based ensemble
multi-filter feature selection method in software defect prediction[J]. Entropy, 2021, 23(10):
1274.

9. 9 Long M, Cao Z, Wang J, et al. Conditional adversarial domain adaptation[J]. Advances in
neural information processing systems, 2018, 31.

10. 10 Akritidis L, Alamaniotis M, Fevgas A, et al. Confronting sparseness and high dimension-
ality in short text clustering via feature vector projections[C]//2020 IEEE 32nd International
Conference on Tools with Artificial Intelligence (ICTAI). IEEE, 2020: 813-820.

11. 11 Ma W, Hu X, Chen C, et al. Social media event prediction using DNN with feedback mech-
anism[J]. ACM Transactions on Management Information Systems (TMIS), 2022, 13(3): 1-24.

12. 12 Hompes B, Buijs J C A M, van der Aalst W M P, et al. Detecting Change in Processes Using
Comparative Trace Clustering[J]. SIMPDA, 2015, 2015: 95-108.

13. 13 Adamopoulos P, Ghose A, Todri V. The impact of user personality traits on word of mouth:
Text-mining social media platforms[J]. Information Systems Research, 2018, 29(3): 612-640.

14. 14 Liu J, Gao L, Guo S, et al. A hybrid deep-learning approach for complex biochemical named
entity recognition[J]. Knowledge-Based Systems, 2021, 221: 106958.

15. 15 Yang Z, Yao F, Fan K, et al. Text dimensionality reduction with mutual information preserv-
ing mapping[J]. Chinese Journal of Electronics, 2017, 26(5): 919-925.

16. 16 Rezaee M J, Eshkevari M, Saberi M, et al. GBK-means clustering algorithm: An improve-
ment to the K-means algorithm based on the bargaining game[J]. Knowledge-Based Systems,
2021, 213: 106672.

17. 17 Lilleberg J, Zhu Y, Zhang Y. Support vector machines and word2vec for text classification
with semantic features[C]//2015 IEEE 14th International Conference on Cognitive Informatics
& Cognitive Computing (ICCI* CC). IEEE, 2015: 136-140.

18. 18 Vodrahalli K, Chen P H, Liang Y, et al. Mapping between fMRI responses to movies and
their natural language annotations[J]. NeuroImage, 2018, 180: 223-231.

19. 19 Soni S, Chouhan S S, Rathore S S. TextConvoNet: a convolutional neural network based
architecture for text classification[J]. Applied Intelligence, 2022: 1-20.

20. 20 Liu D, Shan L, Wang L, et al. P3oi-melsh: Privacy protection target point of interest rec-
ommendation algorithm based on multi-exploring locality sensitive hashing[J]. Frontiers in
Neurorobotics, 2021, 15: 660304.



1800 Zhenping Jing

21. 21 Zhao Z, Gao M, Luo F, et al. LSHWE: improving similarity-based word embedding with
locality sensitive hashing for cyberbullying detection[C]//2020 International Joint Conference
on Neural Networks (IJCNN). IEEE, 2020: 1-8.
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Abstract. In complex terrain environments such as high mountains and hills, 

traditional agricultural machinery cannot accurately complete tasks such as crop 

management and harvesting. This paper used plant protection drones as carriers to 

study the observation content of crops during their navigation process. Aiming at 

the low accuracy of the traditional quaternion cubature Kalman filtering algorithm 

for the attitude estimation of the carrier nonlinear state model, a quaternon-based 

square root cubature Kalman filtering algorithm was proposed in this paper.The 

algorithm takes the attitude quaternion error and the gyro drift error as the state 

quantity, and measures the attitude quaternion of SINS/SLAM navigation. The 

square root cubature Kalman filter algorithm is used for pose estimation, which 

not only solves the standardization problem of traditional quaternion, but also 

reduces the state dimension and complexity of the square root UKF algorithm of 

traditional quaternion, and improves the numerical stability. Compared with the 

quaternion SRUKF and quaternion SRCDKF algorithm, the simulation results 

showed that the new algorithm estimated the error mean values of the roll angle, 

pitch angle and runt angle, which are 0.05°, 0.08°, and 0.03°, respectively. The 

error is the smallest, and algorithm accuracy is about 30% higher than the 

quaternion SRUKF-SLAM algorithm, and it has high filtering accuracy and 

numerical stability, and the best time-consuming performanc. 

Keywords: quaternion, state model, square root Cubature Kalman filter, attitude 

estimation, numerical stability. 

1. Introduction 

As a new star in smart agriculture, plant protection drones carry important tasks such as 

precise pesticide application, targeted fertilization, environmental monitoring, 

information collection and processing. The accuracy of drone tracking and pose 
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estimation is the technical guarantee for achieving the detection and orderly 

management of crop growth environment[1-3].When dealing with non-linear state 

models in target tracking systems, attitude quaternions are usually used as the attitude 

model parameters of the carrier[4-6], which has the advantages of smaller global 

dimension and non-singularity than Euler angle attitude parameter description methods 

and can achieve target full attitude tracking. 

Firstly, starting from the analysis of linear systems, which are referred to as the first 

type of systems in this article, their models are relatively simple, and the state 

parameters can also be obtained through analytical methods to achieve system state 

updates. Kalman filtering method is often used for implementation; The second type of 

system is a conditional nonlinear system, which satisfies Markov processes and has been 

applied in many military fields. The linear part of the system model can be obtained by 

analytical methods to obtain system parameters, while the nonlinear part can be 

estimated by other algorithms. The processing method used is mentioned in reference[7] 

as a Rao Blackwelled (RBPF) filter based on a combination of particle filtering and 

Kalman filtering algorithms, The basic idea is to first obtain the parameters of the linear 

system model state variables under nonlinear partial conditions through the posterior 

probability distribution in particle filtering, and then use Kalman filters to estimate the 

parameters of the linear state variables. However, such systems require the use of both 

linear and nonlinear algorithms, which obviously require a large amount of computation, 

and the stability and real-time performance of the system often do not meet the 

requirements. 

Therefore, the key to solving the drawbacks of RBPF algorithm, such as high 

computational complexity, lies in finding a new method to solve the problem of state 

estimation of nonlinear systems in conditional nonlinear systems. This has also attracted 

the attention and research of scholars at home and abroad. In reference[8], an extended 

Kalman filtering algorithm is proposed, which linearizes the nonlinear system model, 

ignores the integration of high-order terms, but brings calculation errors, Known as 

truncation error, although it solves the problem of solving the state parameter of 

nonlinear systems, this algorithm also has lower filtering accuracy due to such errors. 

A new combination algorithm based on the combination of unscented Kalman filter 

and traditional Kalman filter is proposed in reference[9]. The estimation error obtained 

by Unscented Kalman filter for solving the nonlinear part is much smaller than the 

probability density approximation method of particle filter algorithm. The idea is to use 

UT scale transformation, select 2n+1 Sigma points with certain weights, approximate 

the state parameters in the nonlinear system, usually their mean and covariance, The 

estimation accuracy of the algorithm is higher than that of traditional particle filtering 

algorithms and EKF algorithms. 

For the singularity of 3D pose parameters and the redundancy of solving high-

dimensional pose parameters for non-linear system modeling, the pose estimation of 

modeling using traditional quaternion parameters as state quantities cannot solve the 

above problems well. Vathsal[10-11] and others first proposed the quaternion second-

order extended Kalman filter (Q-Extended Kalman filter (QEKF)). This algorithm has a 

low accuracy due to the complexity of the matrix solution. So literatures[12-14] 

proposed a quaternion-based unscented Kalman filtering algorithm filtering algorithm 

(Q- unscented Kalman filter, QUKF). However, due to the large selection of Sigma 

points of the traditional UKF algorithm and the high dimensionality of state quantities, 
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and those negative weighted Sigma points will cause non-positive definite problems of 

the algorithm's covariance, the accuracy of the algorithm needs further improvement. In 

2009, the idea of generating a brand new set of 2N cubic points with the same weight 

after a non-linear cubature transformation with a sampling point was proposed, which is 

the famous cubic Kalman filter (CKF) Algorithm[15]. The algorithm first calculates and 

propagates the cubature points, through iterative updates of the equation of state, 

calculating the mean and estimating covariance of observations, and finally calculates 

the Kalman gain using the cubature radial criterion. Algorithm accuracy is improved 

compared to previous algorithms. 

Although the filtering accuracy of the traditional CKF algorithm has been improved 

to some extent, when the standard CKF algorithm solves the nonlinear problem of 

SLAM, with the continuous addition of observation features, the calculation amount 

increases sharply, and the problem of numerical instability occurs. In this regard, a 

series of adaptive high-order cubature Kalman filter (HCKF), CDKF and other 

algorithms have been proposed, but they are basically combined with the covariance 

matrix to introduce a fading factor to improve the strong tracking ability, but all have 

their own problem in numerical calculations and filtering accuracy. Combining the ideas 

of the square root cubature Kalman filter algorithm (SRCKF) proposed in[16-18] etc, a 

quaternion based square root cubature Kalman filter algorithm (QSRCKF) is 

proposed.The square root cubature Kalman filter not only reduces the state quantity 

dimension and computational complexity, but also updates of the square root covariance 

subtype iteratively which can ensure the non-negative qualitative and symmetry of the 

algorithm. The new algorithm used in SINS / SLAM integrated navigation can reduce 

the position error of the carrier and improve the accuracy of carrier attitude estimation. 

2. Rationrelated works 

In recent years, the author has proposed a square root UKF attitude estimation algorithm 

based on fuzzy logic quaternion to address the issues of low filtering accuracy during 

navigation calculation and the inability of traditional quaternion extended Kalman 

filtering algorithms to meet the accuracy requirements of target attitude measurement in 

target tracking estimation algorithms, which use sensor discrete observations to estimate 

the continuous state of the target. This algorithm takes quaternions as the state of the 

fuzzy logic UKF filter, applies the measured angular rate to complete the time update of 

the filter, tracks and locates the target in real time, and updates the measurement, 

suppressing the problem of attitude error divergence. Among them, the fuzzy square root 

UKF algorithm based on quaternion was compared and analyzed with quaternion UKF 

and square root quaternion algorithms through simulation experiments, and the position 

estimation of observed feature targets in the x and y directions was achieved. 
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Fig. 1. Carrier attitude estimation error under SRUKF algorithm 

From Figure, it can be seen that by changing the initial values of the three types of 

attitude angles of the carrier, the roll angle and pitch attitude angle errors under this 

algorithm can approach 0 in a relatively short period of time; Furthermore, as the 

simulation time progresses, as the yaw angle represents the direction of the carrier's 

navigation and remains constant for the first 50 seconds, its error also remains 

unchanged. In the following 50 seconds, its error gradually decreases as well. And 

achieved the position estimation of observed feature targets in the x and y directions. 

Collecting fruit feature images through 
SLAM visual sensors

Read-image

Fruit feature extraction

Have you finished 
reading all the images?

End

Y

Edge 
detection

Gray processing

Denoising filtering

N

Start

Using SLAM inertial sensors to record navigation 
robot speed, acceleration information, and fruit 

position relative to the robot

Navigation calculation of fruit 
location information

Filter estimation of fruit position 
information using UKF algorithm

Single fruit localization 
observation estimation

Have all fruit 
feature location information 

been updated？

N

End

Y

 

Fig. 2. The overall algorithm flowchart 
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This paper improves on the SRUKF-SLAM algorithm studied in recent years and 

proposes a new method for aircraft attitude estimation based on the quaternion SRCKF 

algorithm. The overall algorithm flowchart[19] is shown in figure 2. 

3. Quaternion description of aircraft attitude 

Using SINS / SLAM integrated navigation to estimate the attitude of the aircraft can 

effectively improve the positioning accuracy and strengthen tracking ability. Assumes 

local coordinate system as global reference nnn zyox ( n )coordinates and carrier 

coordinate system as bbb zyox ( b )system.Given the reference coordinate system, the 

rotation order of the carrier system relative to the system is YXZ  . The rotation 

angles are yaw  , roll angle and the pitch attitude angles are  . The attitude rotation 

matrix of the bn  system. 

 

cos     0     -sin 1       0          0 cos      sin      0

  0         1       0 0    cos     sin -sin     cos     0

 sin     0     cos 0    -sin    cos    0          0        1

b

nC

   

   

   

    
   


   
       

cos cos -sin sin sin           cos sin sin sin cos        cos sin

            cos sin                                cos cos                                  sin

sin cos sin cos sin      

           

    

    


 
 
 

 

 

  sin sin sin cos cos          cos cos      

 
 
 
  

       (1) 

defines the carrier attitude quaternion as 

 1 2 3 4      
T

q q q q q                                                      (2) 

According to the definition of quaternion, satisfy the relationship 
2 2 2 2 2

1 2 3 4 1Tq q q q q q q                                         (3) 

b b n

nr C r                                                                (4) 

Then through the coordinate rotation relationship and quaternion rotation theory, it 

can be calculated the quaternion's attitude transformation matrix for the carrier in 

n b  system is 

   

   

   

2 2 2 2

1 2 3 4 2 3 1 4 2 4 1 3

2 2 2 2

2 3 1 4 1 3 2 4 1 2 3 4

2 2 2 2

1 3 4 2 3 4 1 2 1 4 2 3

      2         2

  2             2

  2         2         

b

n

q q q q q q q q q q q q

C q q q q q q q q q q q q

q q q q q q q q q q q q

     
 

      
 

      

                (5) 

According to the transformation relationship between the Euler angle attitude matrix and 

the quaternion attitude matrix, the carrier attitude angle is calculated as 
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     

     

 

22 2 2 2 2

1 2 3 4 2 4 1 3 1 4 2 3

22 2 2 2 2

2 4 1 3 1 2 3 4 1 4 2 3

2 2 2 2

2 3 1 4 1 2 3 4

arctan 2 2 4

arctan 2 4

arctan 2 2

q q q q q q q q q q q q

q q q q q q q q q q q q

q q q q q q q q







  
         

 
  

         
 

        


           (6) 

3.1. Gyro Quaternion Model 

Suppose the real angular velocity of the carrier relative to the reference frame is 

According to the rigid body rotation theorem, the quaternion differential equation of the 

attitude of the carrier can be obtained as: 

1

2

b

nbq q &                                                        (7) 

among them

0

0

b b b

nbx nby nbz

b b b

nbx nbz nbyb

nb b b b

nby nbz nbx

b b b

nbz nby nbx

  

  

  

  

    
 

   
   

  
 

   

. 

Under ideal conditions, the quaternion state equation is: 

1 | 1 1
2

k k k k k

t
q q q  


                                            (8) 

Among them, t  is the angular velocity sampling period. 

The measured gyroscope output is
b

ib including real angular velocity
b

nb  and 

gyroscope random drift
b

in . That is 
b b b

ib nb in     so the gyroscope model is 

expressed as: 
b b b b b n

nb ib in ib n inC                                          (9) 

Where, 
n

in  is the value of the gyro drift in the reference n  frame. 

The quaternion output of the CCD star sensor is used as the gyroscope attitude 

measurement. It is assumed that the direction of the angular velocity is fixed during 

adjacent times. The discrete equation of the kinematics of the carrier represented by the 

quaternion is: 

 
3 3

1

3 3

1
cos              

2

1
                                      cos

2

k k k

k k k

T

k k

t I

q q

t I

  



 









  
     

    
  

   
  

           (10) 
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In this formula 1
sin

2
k k k kt   

 
  

 
, 

k     is the antisymmetric matrix 

for 
k . 

Expand the quaternion differential equation in equation (7): 

 

 0          

      0           1 1

         0       2 2

               0

x y z

x z y

y z x

z y x

q q q

  

  


  

  

   
 

 
    

 
  

&
                    (11) 

The gyroscope is used to measure the angular velocity of the carrier. The state model 

is: 

ˆ      
T

g x y z a

b

b

b

     



       

 

&
                   (12) 

In this formula g  is the true angular velocity. ̂  is the actual gyroscope output 

value. b  is the gyroscope drift error and
a 、

b  is the system's white Gaussian noise 

which meets  2~ 0,a aN  ,  2~ 0,b bN  . 

3.2. Star sensor observation model 

The star sensor measurement model is described as:  

 k k kz H q r v                                                   (13) 

In this formula 
kz  is the output of the star sensor;  kH q is the attitude matrix of 

the star sensor at all times; is the reference vector of the star sensor; and is the zero mean 

Gaussian white noise. 

4. SRCKF-SLAM algorithm based on quaternion 

Let the system state quantity and covariance matrix in the SLAM model be: 

 v mx x x  , 
vv vm

T

vm mm

P P
P

P P

 
  

 

.  

Where, 
vx , 

mx  are carrier state and map feature state respectively, and each contains 

two-dimensional position information in the direction x , y . 
vvP , 

vmP , 
mmP  are the 

carrier autocorrelation covariance matrix, the carrier and map feature cross-covariance 

matrix, and the map feature autocovariance matrix respectively.  
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Under control input 
ku , consider the SLAM problem as the state quantity and the 

posterior joint probability density problem: 

       , , , , 1 , 1 1 1 , 1, | , | , | , , | ,v k m k k k v k m v k v k k v k m k k v kp x x z u p z x x p x x u p x x z u dx      
(14) 

In this formula,  , , 1| ,v k v k kp x x u
 is a motion model and  ,| ,k v k mp z x x  is a 

measurement model. The general nonlinear motion model can be expressed as: 

 

 

1k k k

k k k

x f x w

z h x v

 


 
                                     (15) 

In this formula,  f   and  h   are nonlinear system function and observation 

function. Uncorrelated system Gaussian white noise and observed Gaussian white noise 

are  ~ 0,kw N Q 、   ~ 0,kv N R . 

4.1. SRCKF algorithm update steps 

State parameter initialization 

    

   
0 0 0 0 0 0 0

0 0 0 0 0

ˆ ˆ ˆ,

ˆ ˆChol

T

T

x E x P E x x x x

S E x x x x

     
 


   
 

                       (16) 

In this formula, Chol represents matrix Cholesky’s factorization. 

(1)Time update 

Set 1k  time joint posterior probability    1 1| 1 1| 1
ˆ ,k k k k kP x N x P      known, through 

Cholesky decomposes error covariance 
1| 1 1| 1 1| 1

T

k k k k k kP S S      . 
1| 1k kS  

 is the error 

covariance equation in the formula.  

①Use dimension n  point cubature  to generate dimension 2n clllection of 

cubature  points:  

, 1 1 1
ˆ

i k k i kx S x                                                 (17) 

In the formula,  
2

1i n
n    is the point of origin. The corresponding weights for 

each cubature point are:
1

2
i

n
  , 1,2, , 2i n L . 

② Propagate the cubature point and calculate the state prediction value: 

 *

, | 1 , 1i k k i kx f x                                                  (18) 

2
*

| 1 , 1

1

ˆ
n

k k i i k

i

x x 



                                               (19) 

③ Calculate the predicted value of state error covariance: 
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 
2

* * *

| 1 | 1 | 1 | 1 | 1 1

1

ˆ ˆ
m

T T

k k i k k k k k k k k k

i

P x x x x Q     



                             (20) 

Rewrite
1kQ 
 to Cholesky  decomposition: 

1 , 1 , 1

T

k Q k Q kQ S S                                            (21) 

④ State error covariance equation: 

1

| 1

| 1 | 1

*,1 *,2

| 1 | 1 | 1 | 1*

*,2

| 1 | 1

ˆ ˆ, ,1

ˆ2 ,

k

k k

k k k k Q

k k k k k k k k

n

k k k k

S qr S

x x x x

n x x









 

   

 

    


  
  

    L

                      (22) 

In the formula, qr is the decomposition of  QR matrix.  

(2)Measurement update 

① Calculate the cubature point 

, | 1 | 1 | 1
ˆ

i k k k k i k kx S x    , 1,2, , 2i n L                       (23) 

② Propagation cubature point 

 *

, | 1 , | 1i k k i k kz h x                                             (24) 

③Calculate the predicted value of observation at k  time: 
2

*

| 1 | 1

1

1
ˆ

2

n

k k k k

i

z z
n

 



                                             (25) 

④ Calculate autocorrelation covariance 

 
2

, | 1 , | 1 , | 1 , | 1 , | 1
1

ˆ ˆ
n

T T
izz k k i k k i k k i k k i k k k

i

P z z z z R
    



         (26) 

Rewrite 
1kR 

into Cholesky decomposition 

1 , 1 , 1

T

k R k R kR S S                                           (27) 

Covariance square root error: 

| 1

*,1 *,2

, | 1 , | 1

| 1 *,2

, | 1

, | 1

2
| 1 | 1

1 | 1

, ,1

2 ,

ˆ ˆ

ˆ

kk k R

i k k i k k

k k n

i k k

zz k k

n
k k k k

i k k

S

n

S qr

z z z z

z z







 







 

 

   
  

 
   



 




L

                     (28) 

The square root of the estimated (weight) cross-covariance is 

 

1 2

| 1 | 1 | 1 | 1

| 1 2

| 1 | 1

, | 1 | 1 | 1

ˆ ˆ, ,1

ˆ2 ,

k k k k k k k k

k k n

k k k k

T

xz k k k k k k

x x x x

n x x

P



 

   



 

  

   
   

   




L                        (29) 

Kalman gain is: 
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 , | 1 , | 1 , | 1

T

k xz k k zz k k zz k kK P S S                               (30) 

Correlation state root square error 

| | 1 | 1 ,k k k k k k k k R kS qr K k S  
                              (31) 

Four-element SRCKF select attitude error , 1

q

i kx   and gyro drift error 
b

, 1i kx   to 

make joint status: 

b

, 1 , 1 , 1 1,
T

q

i k i k i k k ix x x S      
    ,    1,2, , 2i n L                      (32) 

The quaternion SRCKF state cubature points are 

, 1 , 1 1

b b b

, 1 1 , 1

ˆ ˆ

ˆ ˆ

q

i k i k k

i k k i k

x q q

x x x





  

  

  


 

                                     (33) 

Define the error quaternion as  

 
1

, 1 | 1 , 1
ˆq q

i k k k i kx q x


                                       (34) 

4.2. SRCKF-SLAM algorithm update steps 

(1) Update the quaternion SRCKF-SLAM time: 

 

 

 

1

1

, | 1 , 1

2
b

, | 1

1

*

| 1 , | 1

b * b

| 1 b, | 1

,1 b,1

| 1 | 1 | 1

,2 b,2
,b | 1 | 1 | 1
| 1

,

| 1

b̂

b̂

b̂

k

k

i k k i k

n

i i k k

i

q q

k k q k k Q

k k k k Q

T
q

i k k k k k k

T
q

q i k k k k k k
k k

q

i k k

x f x

x

S qr S

S qr S

x x

x x
S qr

x







 

 

 





 





 

 

  

  








   

   










M

 

 

2 b,2

| 1 | 1

,b

| 1 | 1

| 1
,b b

| 1 | 1

b̂

T

T
n n

k k k k

q q

k k k k

Tk k
q

k k k k

x

S S
S

S S

 

 



 










  

 
 
 
 
 
 

   


  
  
   
 

                  (35) 

Where, b̂  is the predicted value for gyro drift part, | 1

q

k kS  、
b

| 1k kS  are square root 

covariance sub-forms for pose estimation and gyro drift error, and  
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* ,1 ,2 ,2

, | 1 | 1 | 1 | 1

b,1 b,2
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Update the quaternion SRCKF-SLAM measurement: 

①Update the quaternion SRCKF state cubature point: 

, | 1 , | 1 | 1
ˆq q

i k k i k k k kz q                                       (37) 

②Measurement update and error auto-covariance sub-form and cross-covariance 

update 
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Kalman gain: 

 ,

,

1
/ T

k xz zz k

zz k

K P S
S

                                       (40) 

State error amount:  

| 1
ˆ ˆ

k k k kx K z                                             (41) 

Where,  
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③ Gyro drift update 
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ˆ ˆ ˆ

ˆ ˆ ˆ
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q q q

b b b


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
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                                         (42) 

The state quantity error covariance matrix is: 
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 | 1, , 1T T

k k k k k kS chol S S U U                                  (43) 

Where, 
,k k zz kU K S . 

5. Simulation experiments and analysis 

5.1. Comparison of Three Filtering Algorithms for Attitude Angle Estimation 

Taking a near-Earth satellite as an example, a star sensor is installed vertically, and a 

SINS / SLAM integrated navigation and CCD attitude estimation system platform is 

established, and tested in Matlab and C ++ software. Assumed satellite orbit altitude is 

800Km and the  inclination angle is 82 °. The initial position of the aircraft is 114 ° E, 

36 ° N. Initial attitude angle error and initial gyro drift are zero. The gyro initial drift 

error variance matrix is  
3 3

diag 0.2,0.2,0.2


. The initial attitude angle error variance 

matrix is  
3 3

diag 0.25,0.25,0.25


. The initial process noise is 2 2

3 3 3 3diag(0.02 ,0.05 )I I 
. 

The initial measurement noise variance matrix is  
3 3

diag 20,20,20


. The simulation time 

is 600s, and other parameters are shown in Table 1.  

Table 1. Parameters of aircraft and gyros 

Parameter Value Parameter Value 

Satellite orbital 

angular velocity 
0.001rad/s Gyro constant drift error 0.1 / h  

Satellite initial 

attitude angular velocity 
[0.1 0.1 0.1]T(°/s)

 Gyro drift standard 

deviation of noise 
 0.02 / h  

Satellite three-axis 

initial attitude angle 
[0 0 5]T(°)

 Gyroscope measurement 

standard deviation of noise 
 0.05 / h  

Satellite triaxial initial 

error angle 
[0.5 0.5 5]T(°)

 Gyroscope output 

frequency 
50Hz 

Star sensor 

Output frequency 
2Hz 

Star sensor 

measuring noise 
 0,20N   

Satellite orbital 

angular velocity 
0.001rad/s Gyro constant drift error 0.1 / h  

 

In order to verify the superiority of the proposed algorithm based on SLAM nonlinear 

model estimation accuracy, this experiment compared the quaternion SRUCF-SLAM 

and quaternion SRCDKF-SLAM algorithms to estimate the roll attitude angle error, 

pitch attitude angle error, and flight The magnitude of the deviation attitude error, and 

the simulation results are shown in figures 3 to 5: 
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Fig. 3. Roll angle error 

 

Fig. 4. Pitch angle error 

 

Fig. 5. Yaw angle error 
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As can be seen from Figures 3, 4, and 5, given the initial conditions, the estimation 

error based on the quaternion SRCDKF-SLAM is the largest for the roll attitude and 

yaw attitude angle estimates, and the quaternion SRCKF- SLAM algorithm has almost 

the same filtering accuracy as the quaternion SRUKF-SLAM algorithm.  

However, the computational complexity of the former is smaller than that of the 

latter, and the numerical stability is higher. 

For pitch attitude estimation, it is clear that the quaternion SRCKF-SLAM has the 

smallest error, and can quickly converge to zero, with the best stability. 

The mean statistics of the attitude angle estimation errors of the three filtering 

algorithms are shown in Table 2: 

Table 2. Comparison of performance based of three algorithms 

Algorithm parameter 
Quaternion 

SRCDKF-SLAM 
Quaternion 

SRUKF-SLAM 

Quaternion 

SRCKF-SLAM 
Rolling angle error 

mean 
8  4  3  

Absolute mean 

value of pitch error 
19  6  5  

Absolute mean 

value of heading error 24  4  2  

Time spent in one 

iteration 
0.028s 0.036s 0.012s 

 

As can be seen from Table 3, the estimation errors of the quaternion SRCDKF-

SLAM algorithm, quaternion SRUCF-SLAM algorithm, and quaternion SRCCKF-

SLAM algorithm decrease sequentially, and the new algorithm has the shortest iteration 

time and the strongest time-consuming performance, which is  consistent with simulation 

graphics. 

5.2. Experimental simulation and analysis under conditions of large initial 

error angle 

The quaternion SRCDKF and quaternion SRUKF algorithms have large errors in 

attitude angle estimation, which leads to a large proportion of the vertical coordinate of 

the three filtering simulation graphics. Robustness and filtering accuracy. In this set of 

experiments, the initial roll angle attitude angle error, pitch attitude angle error, and yaw 

attitude angle error are 30 arcmin, 30 arcmin, and 60 arcmin, respectively. The initial 

conditions of the gyroscope are consistent with 5.1, the simulation time is 300s, and the 

simulation graph is shown in Figure 6: 
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 Fig. 6. Quaternion SRCKF-SLAM attitude angle estimation error 

It can be seen from Figure 4 that given a large initial error attitude angle, the 

estimation error of the attitude angle based on the quaternion SRCKF-SLAM algorithm 

can be quickly reduced to about 50 in the first 50s of the simulation time, and the 

convergence speed is fast. And as the simulation time progresses, the filtering always 

remains stable, which shows that the algorithm has strong robustness and stability for 

large misalignment attitude angle filtering estimation. 

5.3. Computer simulation experiment verification and analysis 

In order to verify the effectiveness and feasibility of the SLAM algorithm proposed in 

this article, MATLAB simulation was conducted. The simulation environment was set 

up in the open-source SLAM simulator released by scholar Tim Bailey from the 

University of Sydney. The experimental environment is located in an outdoor 

environment area of 100 m ×100 m, including the actual operation path of the carrier set 

artificially and 10 stationary road signs. The carrier moves clockwise along the 

simulated and actually determined trajectory from the coordinates of (60, 10). The 

specific experimental environment is shown in Figure 7. 
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Fig. 7. Experimental environment               

 

Fig. 8. SLAM feature observation 

In Figure 7, the green line represents the actual navigation path of the robot, the red 

line represents the estimated tracking path of the robot under the SLAM algorithm, and 

the * point represents the 10 actual feature target objects present in the simulation area. 

In Figure 8, the actual observations of 10 feature targets by the SLAM algorithm in 

robot position tracking estimation are shown. The experimental results show that when 

the robot moves along the specified path, based on data fusion and observation in the 

SLAM algorithm, the 3rd, 4th, 5th, 6th, 7th, 9th, and 10th feature points under the 

navigation path are finally observed. Multiple judgments are made for each observation, 

and the position of the effective observation point is ultimately determined. 
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5.4. Analysis of cumulative error in inertial navigation systems 

 

Fig. 9. Gyroscope drift error 

 

Fig. 10. Accelerometer drift error 

In figure 9, the cumulative errors of the system gyroscope in three directions under 

inertial navigation are shown, and their mean errors are relatively large. If not combined 

with other navigation algorithms, this error will accumulate over time, leading to a 

gradual increase in carrier positioning error. 

Figure 10 showed the parameter estimation of another inertial device accelerometer, 

and it can be seen that its error gradually accumulates over time. One integration leads 

to the accumulation of velocity error, while the second integration leads to the 

accumulation of position error. Therefore, a combination of other positioning methods 

must be used to weaken the above two drift errors. 
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5.5. Estimation of UAV position error under three filtering algorithms 

Under the above experimental environment, 50 independent repeated simulation 

experiments were conducted on SRCKF-SLAM, SRUKF-SLAM, and SRCDKF-SLAM, 

and the estimation errors in the direction of the carrier path were analyzed and compared. 

The results are shown in the figure 11-13. 

 

Fig. 11. Error in x direction based on three algorithms 

 

Fig. 12. Error in y direction based on three algorithms 

From figure 11, it can be seen that the error range of the SRCKF-SLAM algorithm in 

the x-direction of the navigation trajectory of the plant protection unmanned aerial 

vehicle is approximately [-0.5,0.6] m. The errors of the SRUKF-SLAM algorithm and 

the SRCDKF-SLAM algorithm are approximately [-0.7,1.4] m and [-1.7,1.2] m. It can 
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be seen that the former has the smallest mean estimation error in the x-direction of the 

unmanned aerial vehicle, the smallest error fluctuation range, and the best stability. 

From figure 12, it can be seen that the error range of the SRCKF-SLAM algorithm in 

the y-direction of the navigation trajectory of the plant protection UAV is approximately 

[-0.5,0.2] m. The errors of the SRUKF-SLAM algorithm and the SRCDKF-SLAM 

algorithm are approximately [-1.15,1.6] m and [-1.7,1.1] m, respectively. It can be seen 

that the former has the smallest mean position estimation error in the y-direction of the 

drone, the smallest error fluctuation range, and the best stability. The error based on the 

SRCDKF-SLAM algorithm is the largest, and the filtering fluctuation amplitude is also 

the largest, followed by the error of the SRUKF-SLAM algorithm. 

 

Fig. 13. Error in z direction based on three algorithms 

From figure 13, it can be seen that the error range of the SRCKF-SLAM algorithm 

for the z-direction navigation trajectory of the plant protection UAV is approximately [-

0.5,0.05] m. The errors of the SRUKF-SLAM algorithm and the SRCDKF-SLAM 

algorithm are approximately [-0.5,2.2] m and [-1.45,2.2] m, respectively. From this, it 

can be seen that the former has the smallest average position estimation error in the z-

direction of the UAV, and its error positions are within a small range throughout the 

entire simulation time, It shows that the UAV for plant protection can perform spraying 

operation at a constant height at a basic position, and has high stability. The filtering 

algorithm has strong Uniform convergence. The error based on the SRCDKF-SLAM 

algorithm is the largest, and the filtering fluctuation amplitude is also the largest, 

followed by the error of the SRUKF-SLAM algorithm. 

6. Discussion 

This article mainly discusses the carrier attitude estimation based on three filtering 

algorithms, including quaternion based SRCKF, and provides several comparative 

experiments to verify that quaternion based SRCKF-SLAM algorithm has the highest 
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estimation accuracy, and its computational complexity is slightly reduced compared to 

the other two algorithms. However, more comparisons between algorithms still need to 

be validated. These will be subject to further research. 

7. Conclusions 

This article proposes a quaternion based SRCKF algorithm to address the problems of 

complex navigation solutions, high computational complexity, unstable filtering, and 

poor accuracy in traditional quaternion SRUKF and SRCDKF algorithms. The algorithm 

is applied to a nonlinear model of SLAM, and simulation experiments are conducted on 

three initial attitude angle errors under the same conditions. The results show that the 

new algorithm has a mean estimation error for carrier roll angle, pitch angle, and yaw 

angle, which are 0.05 °, 0.08 °, 0.03 °,respectively. Compared with the quaternion 

SRUKF-SLAM algorithm, the accuracy of the algorithm is improved by about 30%. In 

addition, given the large misalignment angle error, the estimation performance of the 

quaternion SRCKF-SLAM is examined. Experiments show that the filtering error of the 

algorithm can be quickly reduced to about 50 in the first 50s of the simulation time, and 

the convergence speed is fast. As the simulation time progresses, the filtering always 

remains stable, showing strong robustness and convergence. 

The position error estimation experiment on the navigation trajectory of a plant 

protection UAV shows that the SRCKF-SLAM algorithm has the smallest mean filtering 

error in three directions, the smallest error fluctuation range, and the best convergence. 

Although multiple filtering algorithms were compared and achieved high carrier 

localization accuracy in the experiments conducted throughout the article, further 

improvements are still needed for the algorithms mentioned in the paper. For example, 

combining neural networks or deep learning methods to train the volume points in the 

volume Kalman filter, and updating the time and measurement of parameters such as 

mean and covariance, in order to achieve faster, more stable, and more robust filtering 

results. 
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for Physical Action Recognition
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Abstract. This paper introduces spatio-temporal-based multi-level aggregation net-
work (ST-MANet) for action recognition. It utilizes the correlations between differ-
ent spatial positions and the correlations between different temporal positions on the
feature map to explore long-range spatial and temporal dependencies, respectively,
generating the spatial and temporal attention map that assigns different weights to
features at different spatial and temporal locations. Additionally, a multi-scale ap-
proach is introduced, proposing a multi-scale behavior recognition framework that
models various visual rhythms while capturing multi-scale spatiotemporal informa-
tion. A spatial diversity constraint is then proposed, encouraging spatial attention
maps at different scales to focus on distinct areas. This ensures a greater empha-
sis on spatial information unique to each scale, thereby incorporating more diverse
spatial information into multi-scale features. Finally, ST-MANet is compared with
existing approaches, demonstrating high accuracy on the three datasets.

Keywords: Action recognition, spatial and temporal attention, multi-level aggrega-
tion network.

1. Introduction

With the development of information technology, videos have become an indispensable
medium in our lives due to their powerful content delivery and expressive capabilities.
The widespread deployment of image capture devices and the growth of computer net-
works have led to an explosive increase and dissemination of videos. These massive video
datasets hold significant value, but traditional manual analysis is hindered by subjective
factors and inefficiency. Therefore, utilizing computer technology for the analysis, un-
derstanding, and information mining of video content is a crucial topic in the field of
computer vision and has been a forefront direction of research in recent years. Due to
various factors such as different video data collection methods, diverse scenes, and var-
ied content, designing manual features for algorithms is time-consuming and challenging
to apply widely across multiple tasks. Deep learning technologies have undergone rapid
development on computer vision, face recognition, and semantic segmentation, demon-
strating superiority compared to traditional algorithms [2,6,15].

In human action recognition, behavior instances exhibit a complex temporal structure,
especially with different behavior categories naturally having distinct visual rhythms, such
as clapping and walking. This poses challenges for behavior recognition [13,11,10]. In
certain situations, different behavior categories may look very similar in appearance, such
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as walking, jogging, and running. The visual information of these behaviors is closely
related, making accurate classification challenging based solely on appearance. In such
cases, visual rhythm becomes a crucial factor in distinguishing them. Moreover, even
for the same behavior, individual differences in factors like age, energy, and mood mean
that each performer may execute these actions according to their own rhythm. For in-
stance, older individuals typically move more slowly than younger ones, and individuals
with greater weight generally exhibit slower movements than those with lesser weight.
Therefore, precisely modeling the intra-class differences in the visual rhythm of action
behaviors significantly enhance the performance of behavior recognition. In recent years,
researchers have begun to explore the aspect of visual rhythm. The SlowFast Network is
one such example, consisting of two pathways known as the Fast pathway and the Slow
pathway [5]. It incorporates hard-coded visual rhythm at the input level, enabling the two
pathways to sample frames at different rates. At each stage of the network, there is a lat-
eral connection between the two pathways, facilitating the fusion of features from the Fast
pathway into the Slow pathway. However, this hard-coded approach requires more input
frames, and the temporal scale is limited to manually set and tuned values. While employ-
ing more pathways may enhance performance, it also comes with a significant increase in
computational complexity, potentially making the network overly intricate. Considering
a lot of utilized methods, i.e., C3D [22] and I3D [1], usually involve many operations
of temporal convolution. That is, as the network depth increases, the temporal receptive
field also expands. Therefore, multi-depth features in a method can be captured infor-
mation covering various visual rhythms and possess different temporal receptive fields,
indicating diverse temporal scales. Additionally, these features at different depths also en-
compass multi-scale spatial information. Meanwhile, the success of multi-scale features
has been demonstrated in tasks like object detection [8] and pedestrian re-identification
[9]. Feature extraction in deep CNNs is a process that transforms features from low levels
into high levels. While deeper network layers can extract global information with highly
discriminative features, they inevitably lose detailed information. Shallow features, on
the other hand, maintain high resolution and weak semantics, serving as a complement to
deep features.

Inspired by these considerations, we introduce a spatio-temporal-based multi-level
aggregation network (ST-MANet) for action recognition. Specifically, ST-MANet, based
on the self-attention mechanism, designs a temporal aggregation module to leverage the
temporal correlations within videos. It aims to extract more temporal-related informa-
tion and aggregate temporal information effectively. Subsequently, a temporal aggrega-
tion network is constructed based on the temporal aggregation module, consisting of two
parts: the main branch and the temporal aggregation branch. The interaction between
these branches further explores temporal information in the video, enhancing the net-
work’s temporal modeling capabilities and improving the accuracy of behavior recogni-
tion. Following this, a spatial attention module based on the self-attention mechanism is
introduced. It evaluates the correlations between different spatial positions in the feature
map, assessing the importance of each position and assigning different weights to different
spatial locations. Furthermore, a multi-scale approach is incorporated, proposing a multi-
scale behavior recognition framework that models various visual rhythms while capturing
multi-scale spatiotemporal information. On this basis, a spatial diversity constraint is in-
troduced to focus spatial attention at different scales on distinct spatial locations. This
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ensures that different scales of spatial attention concentrate on spatial information unique
to each scale, allowing for a more diverse representation of spatial information in multi-
scale features. Finally, experimental results demonstrate the effectiveness of ST-MANet
compared to existing approaches, showcasing high accuracy across three datasets.

The contributions of ST-MANet are threefold:
(1) A temporal aggregation module, designed through the self-attention mechanism,

effectively extracts and aggregates temporal information from videos, significantly en-
hancing the network’s ability to capture action sequence changes and thereby improving
the accuracy of behavior recognition.

(2) By introducing a spatial attention module and a multi-scale approach, ST-MANet
is capable of capturing unique spatial information at different scales, and through the spa-
tial diversity constraint, ensures the comprehensiveness and diversity of this information,
further strengthening the model’s ability to recognize actions in complex scenes.

(3) Experimental results demonstrate the effectiveness of ST-MANet compared to ex-
isting approaches, showcasing high accuracy across three datasets in action recognition
tasks.

The remaining sections of ST-MANet are organized as follows: Section II offers an
extensive review of current methods in human action recognition. Section III detail the
key components and the methodology behind ST-MANet. Section IV presents a detailed
account of the experimental results and evaluations conducted to validate the efficacy of
ST-MANet. Finally, Section VI concludes the paper by summarizing the key findings and
contributions of ST-MANet.

2. Related Works

2.1. Dual-stream based methods

Dual-stream based methods incorporate both spatial and temporal information, which en-
hances behavior recognition in video analysis. Karpathy et al. propose the dual-stream
network architecture to extract action features at different resolutions in two streams,
extending convolutional neural networks into the realm of videos [14]. Simonyan et al.
introduce the use of optical flow information to extract temporal features and provide a
new direction for action recognition, which divides the model into two parts, with one part
processing individual video frames for spatial information extraction, and the other part
taking dense optical flow from consecutive frames for temporal feature extraction [19].
The classification results from both streams are combined with the Softmax to capture fi-
nal action recognition results. Although the dual-stream network utilizing complex optical
flow achieved superior results on public datasets at the time, it still had room for improve-
ment as the network only utilized a small portion of information from the entire video.
Building upon this, Wang et al. design a network based on the temporal segment (TSN)
[26]. In the data processing stage, TSN divides video data into multiple segments. Each
segment undergoes feature recognition based on the dual-stream network. The spatial and
temporal stream scores from each segment are then aggregated to obtain the overall spa-
tial and temporal scores for the entire video. Finally, the two scores are fused to yield
the ultimate result. TSN effectively utilizes video information by uniformly extracting ac-
tion features across different slices of the entire video, enhancing recognition accuracy.
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However, TSN’s fusion of information from different segments is only evident in the
model’s final stage, simply consolidating recognition results without capturing more nu-
anced temporal information from the feature extraction results. Sun et al. propose a novel
LSTM structure and multimodal training approach to train networks [20]. They employed
two streams to jointly train the input and optical flow gates in the network, departing from
traditional methods that treated the two streams as independent training networks. Tran
et al. introduce 3D CNNs in video recognition, asserting that 3D convolution kernels are
more suitable for temporal features in video data [22]. They conducted tests on the opti-
mal size for the third dimension (depth) based on Simonyan et al.’s recommended 3 × 3
2D convolution kernel and provided the most suitable three-dimensional convolution ker-
nel and network architecture for video convolution. Carreira et al. present a dual-stream
Inflated 3D ConvNet (I3D) based on dilated 2D convolutions [1]. They applied 3D convo-
lutions in both streams, expanding the design and parameters of deep image classification
convolutional networks seamlessly for video spatiotemporal feature extraction.

Dual-stream based methods have been a cornerstone in the field of action recogni-
tion due to their ability to capture both spatial and temporal information from videos.
The spatial stream typically processes individual frames to extract features from the vi-
sual content, while the temporal stream exploits optical flow to analyze motion patterns
over time. This dual approach has proven to be highly effective in distinguishing complex
actions and interactions. However, the process of extracting optical flow is computation-
ally intensive. It involves estimating the motion of objects between consecutive frames,
which can be particularly challenging in videos with large motion variations, occlusions,
or changes in illumination. Despite the significant progress in developing efficient optical
flow algorithms, the computational demands remain a bottleneck for real-time applica-
tions and deployment on resource-constrained devices.

2.2. Behaviour rhythm based methods

Behaviour rhythm based methods aim to leverage the temporal structure and variations
of actions within video sequences to enhance the performance of action recognition in
videos. Wang et al. point out that the spatial stream of the dual-stream network is influ-
enced by samples with similar backgrounds, and the temporal stream struggles to differen-
tiate actions with similar trajectories in a short period [27]. Moreover, the two streams fail
to deeply integrate spatial and temporal features. To address these issues, they proposed
the Spatiotemporal Pyramid Network. In the temporal module, fixed-interval sampling
is applied to the optical flow of the entire video, with the sampling intervals randomly
determined to obtain features under different action rhythms. Zhang et al. introduce the
Dynamic Temporal Pyramid Network (DTPN), based on multiscale modeling [30]. They
directly employed inputs with five different random frame rates to extract features, de-
signed a dual-branch multiscale temporal feature structure to handle intrinsic time scale
differences in actions, and created a fusion module for different scale feature maps. This
demonstrated the significance of both local and global features for video recognition. Fe-
ichtenhofer et al. propose the SlowFast network, training two different structures with
data at two frame rates, sampling input frames with a larger interval to extract spatiotem-
poral features [5]. The latter, at a higher frame rate, samples frames with a smaller time
gap on the same video segment. Similar to dual-stream networks, a fusion mechanism
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is employed to integrate information from both pathways to obtain the final classifica-
tion result. Yang et al. introduce the concept of visual rhythm and statistically analyzed
the visual rhythms of different actions [28]. They proposed the Temporal Pyramid Net-
work (TPN), which samples image features at different ratios to extract hierarchical action
rhythms. A feature aggregation module is utilized to fuse the rhythm features. Inspired by
machine learning feature selection methods, Facebook AI Research introduced the X3D
extension structure for efficient video recognition [4]. This structure expands the model in
three dimensions based on a 2D convolutional network, providing a meaningful reference
example for further extension of efficient video recognition models.

The behavior rhythm-based methods for video action recognition represent a signif-
icant advancement in the field by focusing on the temporal dynamics of actions within
a video sequence. These methods analyze the variations in human behavior over time to
capture the rhythm and patterns that define different actions. By sampling videos at multi-
ple rates and at different time intervals, these approaches can extract a rich set of features
that encapsulate the nuances of human motion, leading to more accurate recognition of
actions. However, the computational expense of such an approach is a significant draw-
back. The need for multiple video samplings and the subsequent processing to extract
features at various rates results in a substantial increase in the data volume that needs to
be handled. This not only slows down the training process but also requires substantial
computational resources, which can be a limiting factor for large-scale video analysis.

2.3. Differential feature based Methods

This type of method directly acquires action features by utilizing the differential informa-
tion between adjacent data points and features, significantly reducing the computational
load involved in data processing and model training. Differential calculations are divided
into RGB differential and feature differential. RGB differential, resembling optical flow
in representing motion information, can capture certain action details, and its extraction
method is often more efficient. It is frequently used to complement spatial features ex-
tracted based on RGB frames. For example, in the Temporal Segment Network (TSN)
[26], differential feature extraction is added to the original image features in the spatial
stream, and experimental results demonstrate the effectiveness of their combined features
for video action recognition. Lin et al. propose the Temporal Shift Module (TSM), suitable
for spatiotemporal feature extraction, where features of certain channels are temporally
shifted to fill gaps in the time dimension, achieving an effect similar to extracting differ-
ential features [17]. Liu et al. introduced TEINet, which includes an action enhancement
module and a time-increasing interaction module [18]. The action enhancement mod-
ule represents motion information by computing the differential feature maps of adjacent
frames, and the time module further performs convolution operations on features channel-
wise, capturing temporal information. Jiang et al. propose a channel-wise action module
for action feature extraction [12]. It calculates the differential features between different
dimensional channel features, connects the differential results of each channel, and ap-
plies 2D convolution to obtain the final action feature information. Li et al. presented a
temporal excitation and aggregation network, similar to the aforementioned methods, with
the distinction that the aggregation module divides features into multiple slices [16]. Each
slice’s features undergo convolutional operations before subtraction. The action extraction
module also conducts differential calculations on the features in the initial network layer,
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enhancing the model’s video recognition performance via multiple uses of differential
features. In the temporal difference network proposed by Wang et al., appearance features
are extracted in the lower-level network, introducing the short-term temporal difference
module [25]. Meanwhile, temporal features are extracted in the higher-level network, in-
troducing the long-term temporal difference module. Both modules employ differential
techniques for RGB frames and features separately.

Despite the notable achievements in video action recognition through the use of differ-
ential information for feature extraction, these methods encounter several challenges. The
RGB differential, which excels at capturing motion details, may fall short when it comes
to complex actions that require a deeper understanding of semantic information. Addi-
tionally, while differential methods effectively capture local changes, they may struggle
with long-term dependencies in videos, such as those addressed by the Temporal Seg-
ment Network (TSN). The challenge of effectively fusing features from multiple mod-
ules within network architectures like TEINet and others is significant, as is the design of
these fusion strategies, which are critical to the final recognition performance but prone to
information loss or redundancy. Computational resource optimization remains an issue,
especially when dealing with large-scale video data, despite the computational benefits
offered by differential calculations. The modular design of networks, although success-
ful for specific tasks, may have limited generalization capabilities when applied to other
action recognition tasks. Furthermore, the short-term and long-term temporal difference
modules introduced in temporal difference networks, while handling features at different
time scales, may not adapt well to rapid or nonlinear motion dynamics in videos. Lastly,
the performance of these methods is heavily dependent on the quality and diversity of
the training datasets, with biases or insufficiencies potentially leading to reduced general-
ization capabilities. In summary, while differential information provides valuable insights
for action feature extraction, a range of challenges must be addressed to ensure robust and
generalizable models in practical applications.

3. Spatio-Temporal-based Multi-level Aggregation Network for
Action Recognition

A spatio-temporal-based multi-level aggregation network (ST-MANet) is proposed for
action recognition, which contains the baseline network, the temporal-based deep aggre-
gation network, and the spatio-based deep aggregation network. The main mathematical
notations used in the paper are listed in Table 1.

3.1. Baseline Network

ST-MANet utilizes 3D ResNet-50 as the baseline network for human action recognition,
which is composed of five stages, as shown in Fig. 1.

Specifically, stage 1 of 3D ResNet-50 consists of a convolutional layer, a time step of
1, and a spatial step of 2, followed by BN and ReLU layers in sequence, where the convo-
lutional layer extracts features and reduces spatio-temporal dimensions. The Batch Nor-
malization layer prevents the occurrence of gradient vanishing and accelerates network
convergence. The ReLU layer enhances the expressive power of the extracted features.
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Fig. 1. The illustration of the proposed ST-MANet

Table 1. Frequently used notations

Notations Description

Zi the feature map from the i-th stage of 3D ResNet-50
Zi−1

TDA the feature map from the i-th stage of temporal-based deep aggregation network
Zi

c the concatenation feature of Zi and Zi−1
TDA

Ai
t the temporal attention matrix

Ai
s the spatio attention matrix

Z̄i
t the temporally aggregated feature map

Z̄i the final output of the i-th stage of 3D ResNet-50
f(·) the cosine similarity function
Si(·) the downsampling function
Con(·) the fusion function
Lce the cross-entropy loss
Ls the spatial diversity constraint
Lt the temporal diversity constraint
λ1,λ2 the balance coefficients
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The subsequent four stages contain 3, 4, 6, and 3 Bottleneck Residual Blocks, respec-
tively, where each block is a concatenation of three convolutional blocks. The first convo-
lutional block consists of a convolutional layer, BN layer, and a ReLU layer. The output
channel number is the same as the input channel number, aiming to promote interaction
between different channels. The second convolutional block consists of a convolutional
layer, a BN layer, and ReLU layer. The channel number is again the same as the input
channel number, intended to expand the spatio-temporal receptive field of the network.
The third convolutional block consists of a convolutional layer, a BN layer, and a ReLU
layer. The output channel number is four times the input channel number. Each bottle-
neck residual block is constructed with a residual structure, stacked together to form the
different stages of 3D ResNet-50. The feature space and temporal resolution of the output
from each stage are reduced by a factor of two, while the channel dimension is doubled,
giving the network powerful abstract feature extraction capabilities.

3.2. Temporal-based Deep Aggregation Network

Considering the varying contributions of video frames at different time points to ac-
tion recognition, ST-MANet employs a visual self-attention mechanism to construct a
temporal-based deep aggregation network (TDA), aiming to enhance the capturing of
temporal information in action videos.

Specifically, TDA employs a dual-branch design, with inputs originating from the
ResNet-50 branch and the temporal-based deep aggregation network branch, which is
shown in Fig. 2. The ResNet-50 branch retains the relative temporal relationships of the
original input and transfers information to the temporal-based deep aggregation network
branch. TDA makes full use of a self-attention mechanism to aggregate and enhance the
mining of temporal information about actions, which not only is temporal information
reinforced, but also contributes to the extraction of holistic features.

Fig. 2. Temporal-based deep aggregation network

More specifically, given the feature map from the i-th stage of 3D ResNet-50, Zi ∈
RC×T×W×H , and the feature map from the previous temporal-based deep aggregation
network, Zi−1

TDA ∈ RC/2×T×W×H , as the input of the i-th temporal-based deep aggrega-
tion network, where C is channel number. T , W , and H are the time steps, the width, and
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the height, respectively. TDA concatenates Zi and Zi−1
TDA along the channel dimension to

obtain the concatenation feature Zi
c ∈ R3C/2×T×W×H , and then computes the temporal

attention matrix Ai
t via:

Ai
t = softmax(ϕ(Zi

c)⊗ (ϖ(Zi
c)) (1)

where ϕ(·) and ϖ(·) denote reshaping operations to obtain the feature map with the size
of (T × 3/2(CWH)) and (3/2(CWH)×T ), respectively. The elements in Ai represent
the degree of correlation between features at each moment in time. Moments with strong
correlations to other moments in the feature map have higher time attention scores, and
vice versa. It is worth noting that the convolutional kernel sizes used here are 3 × 1 ×
1, which, compared to the commonly used 1 × 1 × 1 kernels in visual self-attention
mechanisms, have a larger size along the time dimension. This results in a larger temporal
receptive field, providing stronger temporal modeling capabilities.

Next, the feature map Zi−1
TDA, after the τ(·) operation, is multiplied element-wise with

the temporal attention matrix Ai
t, normalized using the softmax function, and further pro-

cessed by the ϵ(·) operation to obtain the temporally aggregated feature map Zi
TDA:

Zi
TDA = ϵ(softmax(Ai

t ⊗ τ(Zi−1
TDA))) (2)

where τ(·) denote the reshaping operation to obtain the feature map with the size of
(T×3/2(CWH)). ϵ(·) first reshapes the feature map back to a size of 3C/2×T×W×H ,
then passes it through a convolutional layer with a kernel size of 3 × 1 × 1, followed by
a pooling layer to output the temporally aggregated feature Xi

TDA. It is worth noting
that for the final TDA, ϵ(·) does not include a pooling layer to ensure that the ResNet-50
branch and the temporal-based deep aggregation network branch outputs have the same
dimensions for subsequent feature fusion.

Similarly, after the σ(·) operation, the feature map Zi is multiplied element-wise with
the attention map Ai

t. Subsequently, it undergoes the softmax activation function and the
ϵ(·) operation, and then is element-wise added with the Xi to obtain the temporally ag-
gregated feature map Z̄i

t :

Z̄i
t = Zi + ϵ((softmax(Ai

t ⊗ σ(Zi)))) (3)

where σ(·) denotes the reshape operation to obtain the feature map with the size of (T ×
CWH).

TDA uncovers additional temporal correlation information within videos, exploring
long-range dependencies over time and consolidating temporal information. Notably, at
each stage, the output from the upper part of the temporal aggregation module is integrated
into the main branch, reinforcing temporal information in the primary pathway. The intro-
duction of the temporal aggregation module enhances the temporal modeling capabilities
of 3D ResNet-50. Additionally, the interaction between the two branches delves into more
information within the video.

3.3. Spatio-based Deep Aggregation Network

To focus on regions containing more discriminative information, ST-MANet designs the
spatio-based deep aggregation network(SDA) to calculate the correlation between differ-
ent spatial positions in the feature map, as illustrated in Fig. 3.
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Fig. 3. Spatio-based deep aggregation network

Specifically, given the feature map from the i-th stage of 3D ResNet-50,
Zi ∈ RC×T×W×H , as the input of the i-th spatio-based deep aggregation network, SDA
computes the spatio attention matrix Ai

s via:

Ai
s = softmax(α(Zi)⊗ β(Zi)) (4)

where α(·) and β(·) denote reshaping operations to obtain the feature map with the size
of (WH ⊗ CT ) and the size of (CT ⊗WH), respectively. The elements in Ai

s indicate
the correlation between features at each spatial position in Zi and features at other spatial
positions. In other words, positions with strong correlations to other spatial positions in
the feature map have higher spatial attention scores, and vice versa.

Then, the spatially enhanced feature map Z̄i
s is obtained from:

Z̄i
s = π(softmax(Ai

s ⊗ η(Zi))) (5)

Where η(·) and π(·) denote reshaping operations to obtain the feature map with the size
of (WH ⊗ CT ) and the size of C × T ×W ×H , respectively.

SDA unveils additional spatial correlation information within images, exploring intri-
cate dependencies across different regions and consolidating spatial information. Notably,
in each processing stage, the output from the upper part of the spatial aggregation module
is seamlessly integrated into the main branch, fortifying spatial information in the primary
pathway. The incorporation of the spatial aggregation module elevates the spatial model-
ing capabilities of the 3D ResNet. Moreover, the interaction between the two branches
delves into a richer trove of information within the image. This synergistic approach en-
hances explorations in nuanced spatial relationships and dependencies.

3.4. The multi-level fusion loss of ST-MANet

Convolutional neural networks generate hierarchical feature maps through repeated pool-
ing and subsampling operations. As the hierarchy goes deeper, the receptive field becomes
larger, indicating stronger representational capabilities but leading to the loss of detailed
spatial information. In other words, deep features in convolutional neural networks pos-
sess high-level visual perception but discard some crucial local information. Shallow lay-
ers, on the other hand, exhibit higher spatial resolution features, preserving fundamental
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details of the image but lacking semantic understanding. To enhance the overall expressive
power of the network, ST-MANet introduces temporal and spatial diversity constraints for
different depths, which aims to encourage attention matrices at different depths to focus
on distinct temporal and spatial information.

Considering that temporal and spatial attention matrices also have different dimen-
sions, a downsampling operation is applied to the attention matrices of shallower layers
to ensure that all attention matrices have the same size:

Āi = Si(Ai), i = 2, 3, 4, 5 (6)

where i represents the i-th stage of ResNet-50 and Āi represents the attention matrix after
downsampling for the i-th stage of 3D ResNet-50. Si(·) is the downsampling function of
the i-th stage of ResNet-50. Then, ST-MANet minimizes the cosine similarity between
the aligned attention matrices to maximize the differences at different network depths in
terms of time and space:

Lt =
∑

(i,j)∈δ

f(Āi
t, Ā

j
t )

Ls =
∑

(i,j)∈δ

f(Āi
s, Ā

j
s)

(7)

where Ls and Lt represent the spatial and temporal diversity constraints, δ = {(i, j) |
i, j ∈ Z, 2 ≤ i, j ≤ 5, i ̸= j}, where i and j denote the stages of the network. This
constraint is computed only for stages 2 and onwards. f(·) denotes the cosine similarity
function. During training, the spatial and temporal diversity constraints tend to decrease,
encouraging a reduction in the cosine similarity of the spatial and temporal attention maps
across different stages. This reduction further contributes to compelling the network to
focus on distinct the spatial and temporal locations at various stages. This enhances the
diversity of the spatial and temporal information within multi-scale features.

Meanwhile, ST-MANet fuses four feature maps of different depths by cascading along
the channel dimension to obtain a comprehensive and good fusion representation Z for
the classification of action recognition;

Z = Con(Z2;Z3;Z4;Z5) (8)

where Z̄i = Zi ⊕ Z̄i
t ⊕ Z̄i

s denotes final output of the i-th stage of 3D ResNet-50, which
fully aggregates spatio-temporal information in each layer.

The multi-level fusion loss of ST-MANet is defined:

L = Lce + λ1Ls + λ2Lt (9)

where Lce is the cross-entropy loss. Ls is the spatial diversity constraint. Lt is the tempo-
ral diversity constraint. λ1 and λ2 are the balance coefficients.

4. Experiments

4.1. Set up

Dataset and metric: The performance of the ST-MANet in action recognition is verified
based on three popular datasets, i.e., UCF-101, HMDB-51, and Diving 48. The compre-
hensive statistical details for each dataset are provided in Table 2. Building upon prior
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research, the evaluation of performance relies on accuracy as the primary metric, with
higher values indicating superior performance.

– UCF-101 is a coarse-grained description of the action recognition. It contains 13320
action videos spanning 101 distinct classes.

– HMDB-51 is a coarse-grained description of the action recognition. It contains 6849
action videos spanning 51 distinct classes.

– Diving 48 is a fine-grained description of the action recognition. It contains 18404
action videos spanning 48 distinct classes.

Table 2. Statistical Details For Each Dataset

Dataset Sample Class Type

Ucf-101 13320 101 Coarse-Grained Description
Hmdb-51 6849 51 Coarse-Grained Description
Diving 48 18404 48 Fine-Grained Description

Implementation Details: ST-MANet conducts preprocessing and data augmentation
on the input video data. Initially, it randomly samples continuous video segments of 64
frames from the videos. Subsequently, the video segments undergo subsampling with a
stride of 2, resulting in frame sequences of 32 frames. Next, random cropping is applied to
the frames, with the length and width set between 0.5 and 1 times the length of the shorter
side of the original video frame. Finally, a spatial scale transformation is applied to resize
both the length and width of the frame sequences to 112. To increase training samples,
random horizontal flipping is employed as a data augmentation technique. During the
training process, the paper utilizes batch SGD to train the ST-MANet, employing cross-
entropy loss function with a momentum coefficient of 0.9 and 32 batch size. The network
parameters are initialized using the Kaiming initialization strategy. The initial learning
rate is set at 0.01, and every 15 epochs, the learning rate is decayed by a factor of 0.1. The
entire training process spans 90 epochs. In contrast to the preprocessing of data before
training, during testing, the entire video is first divided into multiple continuous video
segments of 64 frames each. These segments then undergo subsampling with a stride of 2,
resulting in multiple video frame sequences of 32 frames. Subsequently, central cropping
is applied to each frame sequence. Finally, multiple frame sequences of a video are input
into the network.

4.2. Comparison with baselines

Comparison methods: Eight baseline methods are compared to evaluate the performance
of ST-MANet in the experiments, including TCNet [19], LFSNet [23], TSNet [26], LTNet
[24], MRNet[7], RMRNet [21], MVTNet [3], and A3DNet [29].

Comparison results: Table 3 presents a comparison of experiment outcomes regard-
ing accuracy on the three few-shot datasets. Specifically, ST-MANet outperforms eight
baseline methods across both settings, which proves effectiveness and superiority in the
action recognition. The seasons are fourfold. (1) ST-MANet designs temporal-based deep
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Table 3. Comparison of ST-MANet to top-performing methods on three datasets in terms
of the accuracy

Method UCF-101 HMDB-51 Diving 48

TCNet 0.8200 0.5940 0.5222
LFSNet 0.8580 0.5492 0.5645
TSNet 0.8640 0.5881 0.5987
LTNet 0.9270 0.6720 0.6719
MRNet 0.8440 0.5900 0.5904
RMRNet 0.9418 0.6275 0.6668
MVTNet 0.9040 0.5460 0.6048
A3DNet 0.9260 0.6126 0.6521
ST-MANet 0.9605 0.6872 0.7215

aggregation network to enhances the temporal information in the 3D RestNet-50 and in-
corporates a temporal aggregation branch for exploring and aggregate additional tem-
poral information. (2) ST-MANet designs the spatial-based deep aggregation network
to strengthen discriminative spatial information relevant to action recognition. (3) ST-
MANet introduces a multi-level fusion strategy to model various visual rhythms and ex-
plore multi-scale temporal and spatial information concurrently. (4) By introducing tem-
poral and spatial diversity constraints, ST-MANet encourages temporal and spatial atten-
tion at multiple scales to focus on different positions, ensuring that the ultimately fused
multi-scale features contain more comprehensive and complete spatiotemporal informa-
tion.

In addition, there are four observations. (1) TCNet and TSNet, while leveraging the
powerful dual-stream architecture, struggle with capturing long-term temporal dynamics
due to their focus on optical flow between adjacent frames. This limitation suggests the
need for more advanced mechanisms that can handle temporal dependencies over larger
time spans. Furthermore, their spatial stream networks, which are crucial for understand-
ing the context and structure within each frame, could benefit from more innovative de-
signs to better extract relevant spatial features. (2) LFSNet’s adoption of the C3D network,
although it offers a straightforward and efficient architecture, falls short in delving deeper
into the intricate spatiotemporal relationships present in videos. LTNet’s enhancement to
include more frames is a step in the right direction, yet the network’s overall simplicity
may not be sufficient to fully harness the rich information encoded in video sequences.
This points towards the necessity for more complex and sophisticated network structures
that can integrate information from multiple frames effectively and robustly. (3) MRNet’s
focus on refining the GRU for temporal exploration is commendable, but the inherent
challenges in extracting spatial information using RNN-based methods cannot be over-
looked. ST-MANet’s integration of a spatial attention module with 3D ResNet-50 repre-
sents a significant advancement, as it allows the network to adaptively focus on relevant
regions within the frame, leading to a more nuanced understanding of the spatial content.
This underscores the importance of attention mechanisms in enhancing the model’s abil-
ity to discern and prioritize spatial information. (4) RMRNet’s investigation into residual
frames is an innovative approach to bolster the motion capture capabilities of 3D con-
volutional networks. However, the lack of structural innovation and the reliance on 3D
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ResNet-18 for temporal feature extraction may limit the network’s overall performance.
This indicates that while residual frames can offer valuable insights into motion, the un-
derlying model architecture must also be optimized to ensure comprehensive temporal
analysis. In summary, these observations reveal that while current networks have made
strides in video action recognition, there is still much room for improvement. The key lies
in striking a balance between the complexity of the network, which allows for thorough
spatiotemporal feature extraction, and the efficiency required for practical applications.
Future research should focus on developing architectures that can effectively handle long-
term temporal dependencies, innovate in spatial feature extraction, and integrate attention
mechanisms to refine the model’s focus on critical information. By addressing these as-
pects, we can expect significant advancements in the field of video action recognition,
leading to more accurate and efficient models capable of understanding and analyzing the
rich content of video data.

4.3. Ablation Study

Table 4. Ablation experiments of each component in ST-MANet

3D ResNet-50 TDA SDA MF Accuracy
√

0.8317√ √
0.8945√ √
0.9012√ √ √
0.9278√ √
0.8416√ √ √ √
0.9605

We conducts five ablation experiments about 3D ResNet-50, TDA (temporal-based
deep aggregation network), SDA (spatial-based deep aggregation network), and MF (multi-
level fusion strategy). Specifically, (1) ST-MANet utilizes 3D ResNet-50 to extract fea-
tures for performing action recognition tasks. (2) ST-MANet intergrades 3D ResNet-50
and the temporal-based deep aggregation network to extract features for performing action
recognition tasks. (3) ST-MANet intergrades 3D ResNet-50 and the spatial-based deep
aggregation network to extract features for performing action recognition tasks. (4) ST-
MANet intergrades 3D ResNet-50, the temporal-based deep aggregation network and the
spatial-based deep aggregation network to extract features for performing action recogni-
tion tasks. (5) ST-MANet intergrades 3D ResNet-50 and the multi-level fusion strategy to
extract features for performing action recognition tasks.

As shown in Table 4, there are six conclusions: (a) The Effectiveness of 3D ResNet-50
as a Basic Feature Extractor: Through experiment (1), we found that using 3D ResNet-
50 alone for action recognition tasks, the model can effectively extract spatiotemporal
features. This indicates that 3D ResNet-50, as a deep learning base network, has good
performance in the field of action recognition. However, its performance may be limited
by the rigidity of the network structure, which may not fully capture the complex spa-
tiotemporal information in videos. (b)The Complementary Role of the Temporal-Based
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Deep Aggregation Network (TDA): In experiment (2), by integrating 3D ResNet-50 with
the Temporal-Based Deep Aggregation Network (TDA), the model’s performance in ac-
tion recognition tasks was improved compared to using 3D ResNet-50 alone. This sug-
gests that TDA can effectively supplement the temporal feature extraction capabilities of
3D ResNet-50, enhancing the model’s ability to capture the temporal sequence changes
in actions. (c) The Integration Effect of the Spatial-Based Deep Aggregation Network
(SDA): In experiment (3), the model’s performance was also enhanced by combining
3D ResNet-50 with the Spatial-Based Deep Aggregation Network (SDA). This indicates
that SDA effectively strengthens the feature extraction in the spatial dimension, enabling
the model to better understand spatial relationships and layouts in videos. (d) Signif-
icant Improvement with Spatiotemporal Fusion Strategy: In experiment (4), by fusing
both Temporal-Based and Spatial-Based Deep Aggregation Networks, the model’s per-
formance in action recognition tasks reached its peak. This result confirms the importance
of joint optimization of spatiotemporal information for enhancing the accuracy of action
recognition, where spatiotemporal fusion strategy can more comprehensively capture the
complex spatiotemporal features in videos. (e) Further Optimization with Multi-Level
Fusion Strategy (MF): in experiment (5), by introducing the Multi-Level Fusion Strategy
(MF) in conjunction with 3D ResNet-50, the model’s performance was further optimized
in some cases. This indicates that the Multi-Level Fusion Strategy can more meticulously
integrate spatiotemporal information at different levels, providing richer feature represen-
tations for action recognition tasks. (f) the combined effect of these modules transcends
the sum of their individual contributions, highlighting the synergy and complementarity
inherent in ST-MANet’s design. This observation underscores the rationality and effec-
tiveness of the modules within ST-MANet, demonstrating their collective power in en-
hancing the model’s accuracy and performance. Such a finding not only validates the
architectural choices made in ST-MANet but also offers insights into the importance of
holistic system design in achieving superior results in action recognition tasks.

4.4. The effectiveness of multi-level fusion

To delve deeper into the contributions of each stage within ST-MANet to the overall
performance of action recognition, we conducted a comparative analysis. This analysis
involved directly classifying features extracted from individual stages and then comparing
these results with the outcomes obtained from features that have undergone multi-level
fusion. The detailed results of this comparison are presented in Table 4.

These are some observations: (1) The top-level features, which are the output of the
deepest layers in the network, are found to contain rich semantic information that is crucial
for understanding the actions within the videos. These features have undergone a series
of transformations and aggregations that enable them to capture complex patterns and re-
lationships present in the data. On the other hand, features from the shallower layers tend
to lack the sophistication to adequately model semantic information. They exhibit limited
reasoning capabilities when it comes to processing both temporal and spatial information,
which is evident from the decreasing trend in recognition accuracy as we move towards
shallower features. (2) The features extracted from Stage 5 represent a turning point in this
analysis. At this stage, the features have been fused from both the main branch and the
temporal aggregation branch. This fusion results in a rich amalgamation of temporal and
spatial information, alongside semantic insights. As a result, Stage 5 features achieve the
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Fig. 4. Contribution ablation of each stage of in ST-MANet

highest accuracy among the single-scale features, indicating the importance of the tem-
poral aggregation module in enhancing the network’s temporal modeling capabilities. (3)
The multi-level fusion strategy takes this a step further by integrating features from mul-
tiple stages of the network. Temporally, this strategy spans a wide range of information,
capturing various visual rhythms and exploring multiple time scales. This comprehensive
temporal coverage allows the network to recognize actions that may vary in speed and du-
ration. Spatially, the fused features not only include deeply learned, highly discriminative
information but also incorporate finer details from the shallower layers. This combination
of deep and shallow features ensures that the model can leverage both the nuanced un-
derstanding of the scene’s layout and the broader context of the action being performed.
Consequently, the multi-level fusion strategy stands out as the most effective approach,
achieving the highest accuracy in the action recognition task. This strategy exemplifies
the power of combining diverse types of information at different levels of abstraction,
which is a key principle in designing deep learning models for complex tasks such as
video action recognition. By harnessing the collective strength of features from various
stages, ST-MANet is able to outperform other approaches and set a new benchmark for
accuracy in the field.

4.5. Parameter Analysis

Fig. 5 illustrates the results of the analysis experiments investigating the influence of
trade-off parameters λ1 and λ2 and learning rate r on three datasets. Specifically, we
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(a) UCF-101 (b) UCF-101

(c) HMDB-51 (d) HMDB-51

(e) Diving 48 (f) Diving 48

Fig. 5. The sensitivity analysis of parameters λ1 and λ2 and learning rate r on three
datasets for ST-MANet
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Fig. 6. Comparison of computational complexity and accuracy of ST-MANet and 3D
ResNet-50 in terms of three datasets

constrained λ1 and λ2 within the set {0, 0.0001, 0.001, 0.01, 0.1, 1}. Throughout the ex-
periments, one parameter was maintained at a constant value while the other was varied.
The results displayed in Fig. 5 demonstrate the robustness of ST-MANet to changes in λ1

and λ2. The performance consistently remains satisfactory, particularly when λ1 is set to
0.01 and λ2 is set to 0.001. As a result, for the three datasets, ST-MANet is configured
with λ1 = 0.01 and λ2 = 0.001 in the experiments. This configuration has been empir-
ically determined to yield a high level of accuracy, suggesting that it effectively weights
the different components of the network’s loss function in a manner that is conducive to
learning robust action recognition features. The parameters λ1 and λ2 play a crucial role
in the network by controlling the balance between certain regularization terms and the
overall loss. The optimal values found in this study provide a valuable reference for fu-
ture research and applications of ST-MANet, as they offer a blueprint for achieving high
performance with a reasonable computational cost.

In addition to the qualitative assessment of the ST-MANet’s performance, we have
conducted a quantitative analysis to evaluate its computational efficiency and effective-
ness. This analysis includes a direct comparison of the floating-point operations required
by ST-MANet and the 3D-ResNet-50 architecture when applied to the UCF-101 dataset,
a benchmark for action recognition research. As illustrated in Table 6, the implementation
of ST-MANet results in an approximate 24% increase in floating-point operations when
contrasted with the 3D ResNet-50. This increase is attributed to the additional temporal
and spatial modules integrated into ST-MANet, which are designed to enhance the net-



ST-MANet 1841

work’s ability to capture complex spatiotemporal features within videos. Despite this rise
in computational demand, it is important to note that the computational footprint of both
ST-MANet and 3D ResNet-50 remains relatively comparable. This suggests that while
ST-MANet is more computationally intensive, the increase is not prohibitive and is jus-
tified by the performance gains. The accuracy improvements achieved by ST-MANet are
particularly noteworthy. On the UCF-101 dataset, ST-MANet demonstrates a 12.88% in-
crease in accuracy over the baseline 3D ResNet-50. This significant leap in performance
underscores the value of the network’s advanced feature extraction capabilities, partic-
ularly its ability to model the intricate temporal dynamics that are critical for accurate
action recognition. In conclusion, while ST-MANet does require more computational re-
sources than 3D ResNet-50, the increase is moderate and does not lead to a significant
disparity in computational requirements. The substantial improvement in accuracy, espe-
cially on challenging datasets like UCF-101, is a testament to the network’s advanced fea-
ture aggregation and modeling capabilities. This makes ST-MANet a compelling choice
for applications where high accuracy in action recognition is paramount, justifying the
additional computational investment.

5. Conclusion

This paper introduces ST-MANet, a novel spatio-temporal-based multi-level aggregation
network for action recognition.Specifically, by leveraging correlations between differ-
ent spatial and temporal positions on the feature map, ST-MANet effectively explores
long-range spatial and temporal dependencies, generating spatial and temporal attention
maps that assign varying weights to features at different locations. Moreover, the inte-
gration of a multi-scale approach enables the modeling of various visual rhythms and the
capture of multi-scale spatiotemporal information. The proposed spatial diversity con-
straint further enhances the network’s ability to focus on distinct spatial areas at different
scales, thereby incorporating more diverse spatial information into multi-scale features.
Experimental results demonstrate the effectiveness of ST-MANet compared to existing
approaches, showcasing high accuracy across three datasets. In the future, there are sev-
eral promising avenues for future research. Firstly, exploring more sophisticated attention
mechanisms could further improve the network’s ability to capture salient spatial and
temporal features. Additionally, investigating ways to incorporate domain knowledge or
context information may enhance the model’s robustness in real-world scenarios. Further-
more, extending the application of ST-MANet to other related tasks beyond action recog-
nition, such as anomaly detection or event localization, could offer valuable insights into
its broader applicability and effectiveness. Overall, ST-MANet presents a strong foun-
dation for advancing the state-of-the-art in spatio-temporal-based action recognition and
opens up exciting possibilities for future research in the field.
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Abstract. Animal intelligent breeding utilizes advanced technology and intelligent
systems to monitor, analyze, and optimize animal growth environments and man-
agement, which can enhance breeding efficiency and animal health levels. In this
paper, we propose a new multi-object real-time tracking within deep framework
for intelligent breeding of animal (MRT-IB), which consists of semantic feature
extraction module, center point prediction module, and object and trajectory cali-
bration module. MRT-IB reduces the difficulty of modeling animal trajectories by
performing animal detection on consecutive frames, resulting in higher robustness
in real farming scenarios compared to traditional multi-object tracking schemes that
directly model animal motion trajectories.

Keywords: animal intelligent breeding, multi-object real-time tracking, object and
trajectory calibration.

1. Introduction

Intelligent breeding is an innovative approach that integrates advanced technology with
animal husbandry practices [4,21,19]. It improves farming efficiency and animal welfare
by continuously and automatically monitoring animal behavior and taking timely and
appropriate measures when anomalies are detected. Intelligent breeding technology is
supported by advanced artificial intelligence algorithms and hardware systems, including
various sensors such as microphones, cameras, accelerometers, and global positioning
systems. These sensors continuously collect biological response data from animals, such
as sound, behavior, movement, and location. Then, by analyzing these data and extracting
features relevant to target behaviors, machine learning models are trained to achieve real-
time detection, tracking, and monitoring of abnormal animal behavior [17,22,8]. Once
the system detects abnormal behavior or health issues, it immediately issues alerts and
takes corresponding actions, such as alerting veterinarians or automatically adjusting the
animals’ environmental conditions. This real-time monitoring and intervention help farm
managers promptly identify and address issues, thereby improving animal welfare and
production efficiency.

⋆ Corresponding Author
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In recent years, with the rapid development and widespread application of deep neural
networks, numerous real-time animal monitoring algorithms based on multi-object track-
ing have been proposed for smart farming. Ahrendt et al. designed a tracking system for
free-range animals, using partial animal images to establish a 5D Gaussian model for in-
dividual animal targets. This system can track at least 3 animals over long time spans
[1]. Martin et. al proposed a multi-object tracking method based on joint kernel corre-
lation filtering. They designed a joint filter based on a pure target appearance model of
kernel correlation filtering, effectively addressing the problem of poor algorithm perfor-
mance in cases of severe target occlusion and complex environmental backgrounds [25].
Matthews et al. proposed a multi-object tracking algorithm using the Hungarian algo-
rithm to match detection results from adjacent frames. The algorithm performed well in
detecting individual targets and tracking consecutive frames in 3D video sequences of
group-raised pigs, achieving an overall tracking accuracy of 89% for pig targets [18]. Van
der Zande proposed a multi-object tracking algorithm based on optical flow and inter-
frame interpolation for tracking dairy cows during rumination, achieving a final accuracy
of 89.12% [27]. Philipp et al. proposed a multi-object tracking algorithm based on multi-
feature detection and target association. They used color and texture features for adaptive
detection of animals, edge features for image segmentation, and the Kuhn-Munkres algo-
rithm to determine the association between animal targets and their mask image regions.
Experimental results showed that the algorithm has strong robustness and meets real-time
tracking requirements for multi-object tracking [5]. Zhang et al. combined a CNN-based
object detection model with a deep correlation filtering tracking algorithm to track all pig
targets’ trajectory coordinates in structured pigsty environments. Test results showed that
the tracking accuracy reached 94.72% [28]. Ali et al. proposed a multi-object tracking
algorithm based on object detection, locating the positions of detected targets in single-
image video frames, and then connecting the trajectories of detected targets in consecu-
tive frames. Experimental results showed that the best tracking accuracy of 92.68% was
achieved with a synchronous search for subsequent frames of 9 frames and a tracking
duration of 30 frames [2].

In current research combining computer vision technology with the animal husbandry,
researchers mostly focus on introducing computer vision technology to address specific
problems within the farming process. This approach often yields relatively good results.
However, experiments in these studies often require artificially imposed constraints. For
instance, in the detection of hoof problems in cattle, researchers limit the number and
poses of cattle in a video segment. They then detect, record, and calculate the frequency
of each cow’s hoof strikes to infer whether the cow is lame based on empirical data. While
this method can achieve high detection accuracy, the manual recording of identities for
each detected cow increases the burden on farming personnel. Many studies also attempt
to use detection networks to simultaneously detect the behavior of multiple animals in
images, aiming to improve farming accuracy by monitoring the daily status of livestock.
These efforts often yield highly accurate behavior detection results. However, since these
methods cannot distinguish between different animals within a video segment, they can
only provide the number of animals exhibiting a particular behavior at a given time, with-
out capturing the specific behavioral changes of individual animals over time. Therefore,
further research is needed in current computer vision technology applied in the farming
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industry to continuously identify and differentiate between different animals over a period
of time, in order to obtain more precise records of animal status information.

To this end, we propose a new multi-object real-time tracking based on feature con-
sistency for intelligent breeding of animal (MRT-IB), which comprises three parts, i.e.,
semantic feature extraction module, center point prediction module, and object and tra-
jectory calibration module. Specifically, In the tracking task, MRT-IB considers the simi-
larity of theposition and appearance of the same animal between consecutive frames.and
the differences from other animals, and proposes a multi-objecttracking scheme that uses
animal detection results and animal position and appearance semantic features as similar-
ity criteria. Based on this, acenter point prediction module is designed to use the continu-
ity of animalposition in the video to assist in detection and tracking. This schemereduces
the difficulty of modeling animal trajectories by performinganimal detection on consecu-
tive frames,and is more robust thantraditional multi-object tracking schemes that directly
model animaltrajectories in real farm scenes. At the same time, experimental results on-
multiple farm scene datasets demonstrate that the center point predictionmodule can ef-
fectively improve the detection and tracking accuracy ofmany similar animals appearing
in the same scene. Finally, a plethora of experiments validate the effectiveness of MRT-IB
in the intelligent breeding of animal.

Section 2 reviews existing smart farming methodologies, particularly focusing on
computer vision techniques for livestock monitoring. Section 3 introduces MAR-IB (Multi-
Animal Recognition with Individual Behavior) and its methodology for addressing indi-
vidual animal identification challenges in video streams. Section 4 presents experimen-
tal results evaluating MAR-IB’s performance in real-world farming scenarios. Finally,
Section 5 draws conclusions on MAR-IB’s effectiveness and implications for livestock
management in smart farming.

2. Related Works

In this section, we will introduce researches on computer vision technology and livestock
intelligent breeding.

2.1. Computer vision technology

Computer vision technology is an extremely important branch of artificial intelligence,
and it can now be divided into three most basic tasks: Image Classification, Object Detec-
tion, and Image Segmentation. In response to different task scenarios and requirements,
research in computer vision has continuously refined, leading to the emergence of tasks
such as Multiple Object Tracking (MOT) and Action Recognition [11].

For image classification algorithms, traditional methods such as KNN, SVM, and the
Mixture of Gaussians model dominated the field before 2012, offering better performance
in classification tasks. However, after the neural network-based AlexNet achieved a per-
formance far exceeding traditional algorithms in the ImageNet LSVRC-2012, neural net-
works became the mainstream in the field of image classification [15]. Subsequent models
like VGGNet, GoogLeNet, ResNet, and EfficientNet have continuously pushed the upper
limits of classification task performance [21]. Recently, classifiers based on Transform-
ers have reached the state of the art on major public datasets, becoming a new research
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hotspot. Regarding object detection algorithms, the current mainstream algorithms are all
based on deep learning. Object detection algorithms can be divided into two-stage object
detection algorithms and one-stage object detection algorithms based on the algorithm’s
phase. Two-stage object detection algorithms require an additional Region Proposal Net-
work (RPN) module; the most classic algorithms in this category are the R-CNN series,
such as Fast R-CNN and Mask R-CNN [19]. One-stage object detection algorithms do
not have an extra region proposal module and are trained end-to-end. A highly classic al-
gorithm in this category is the YOLO series, including YOLOv3 and YOLOv4. Other al-
gorithms like SSD, CenterNet, M2Det, and EfficientDet also have their innovative aspects
[22]. Image segmentation algorithms can be divided into two major categories: Seman-
tic Segmentation and Instance Segmentation. Semantic segmentation only requires the
segmentation of objects of different types without distinguishing between different indi-
viduals of the same category. Classic algorithms include FCN, U-Net, PSPNet, DeepLab
v3 Plus [8]. Instance segmentation, on the other hand, needs to differentiate between dif-
ferent individuals of the same category. Currently, the most popular algorithms are Mask
R-CNN, SOLO v2 [23].

Multi-Object Tracking (MOT) algorithms can be divided into two subtasks: object
detection and data association. Object detection algorithms are used to identify the ob-
jects that need to be tracked; data association algorithms assign identity identifiers (IDs)
to the detected objects, ensuring that the same object is assigned the same ID across dif-
ferent image frames. These two tasks can be completed by a single network or by two
independent networks in cascade. Based on the way these two subtasks are completed,
the current mainstream deep learning-based multi-object tracking algorithms can be di-
vided into two categories: single-step MOT and two-step MOT. Single-step MOT uses a
single network to complete the detection and tracking tasks of objects, usually outputting
information such as category, bounding box, ID, etc., through a detection head, for exam-
ple, FairMOT, which has achieved high performance on multiple datasets [24]. Two-step
MOT separates object detection and data association, so the actual focus of the work is
on the data association task, such as Sort, DeepSort, and MOTDT, graph neural network
algorithms [9]. The final implementation of the algorithm can be completed through the
cascade of a detector and an associator, for example, the classic YOLOv4+Deepsort al-
gorithm. Some algorithms delegate most of the work to the detector, such as Trackot++
proposed by Philipp Bergmann et al., pushing the limit of detection-based tracking [5].
Action recognition algorithms, in a narrow sense, only require the classification of indi-
vidual videos or sequential images, such as the classic Two-Stream algorithm. However,
in a broader sense, action recognition algorithms can be further divided into temporal
action detection algorithms and spatiotemporal action detection algorithms. These corre-
sponding tasks are more challenging, as they require the analysis and processing of long
videos and can actually be considered a part of video content understanding. Among the
most classic algorithms in this field are R-C3D, BMN, and TSP [3].

2.2. Livestock intelligent breeding

Current research combining livestock farming with computer vision often focuses on spe-
cific scenarios, where researchers apply various deep neural networks to the study of
animal husbandry for multiple purposes within the breeding process. Object detection
networks are primarily used by researchers for the detection of specific animals, such as
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pigs, cattle, and sheep. There are also studies that apply detection networks to the iden-
tification of animal abnormalities. For example, Kang et al. developed a dairy cow limp
scoring system, using a deep learning-based object detection network for the localization
of cow hooves in videos, with an average precision of 87.0% [13]. The study then used the
detected positions of cow hooves from consecutive frames as input, calculating the dif-
ference in lift-off and ground contact times of a specific cow’s hooves to determine if the
cow was limping. Cermek et al. used YOLOv2 on RGB images to detect the occurrence
of digital dermatitis in cattle through digital image detection, achieving an accuracy rate
of 88% [6]. Yang et al. employed Faster R-CNN and extracted the occupation index (the
ratio of the head to the feeding area) as a spatial feature to identify the feeding behavior of
multiple pigs [26]. Chen et al. used Inception and LSTM to extract spatiotemporal features
for identifying pig feeding behavior at the group level [7]. This study proposed an image
processing algorithm based on maximum entropy segmentation, HSV (hue, saturation,
and value) color space transformation, and template matching, calculating the roundness
of the head, the ratio of the head to the feeding area, the cumulative pixel count of head
movement, and the distance from the head to the numbered pig’s back to determine the
identity and feeding time of each pig. These studies demonstrate the great potential of
computer vision systems in identifying dairy cows with digital dermatitis, reducing the
incidence of skin disease, and improving animal welfare.In addition to using deep neural
algorithms to directly achieve research objectives, some studies combine deep neural net-
works with other algorithms in an attempt to achieve better results. For example, Lee et
al. proposed the use of deep learning methods to remove backgrounds or detect objects
in order to eliminate unnecessary noise and thus enable better post-processing analysisn
[16]. They first processed video frames using some image enhancement methods, such
as treating moving frames in the video with a Gaussian mixture model. Subsequently,
they utilized TinyYOLOv3 to detect individual pigs in each selected frame, and then seg-
mented the detected pigs. By using automatic image thresholding to complete the size
calculation of the pigs, they achieved better results than simply using a segmentation de-
tection model like Mask R-CNN [12]. These methods, which do not employ end-to-end
deep learning approaches, often have better detection accuracy than their corresponding
end-to-end deep learning algorithms by proposing hybrid models like the one mentioned
above. Regarding the application of tracking technology in the breeding industry, since
traditional computer vision tracking technology mainly relies on trajectory fitting to track
detected objects, in animal husbandry, researchers primarily complete tracking tasks by
directly contacting the breeding animals. For instance, distinguishing different animals
by applying pigmented markings on their bodies, tracking them with the human eye, and
then recording the status of animals with different markings at different time points [14].
Alternatively, animals are fitted with electronic devices such as ear tags based on RFID
technology, and signals are received by a receiver to obtain information corresponding
to different animals. With the increasing concern for animal welfare in recent years, and
considering that methods like ear tags, which involve direct contact with animals, can
cause injury during the contact process or be damaged during the animal’s movement,
researchers are also looking for ways to complete tracking tasks without contacting the
animals. Su et al. applied a single-object tracking network based on the Siamese mecha-
nism to track individual goats in surveillance videos, successfully tracking a specific goat
even when multiple goats appeared in the same video segment [20]. Gan et al. applied the
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Deepsort, a multi-object tracking framework based on detection, to the task of tracking
multiple pigs in a pen. By leveraging the prior knowledge that the number of pigs in a pen
is constant, they introduced a trajectory state correction mechanism to build a real-time
pig tracking system [10]. Although deep learning-based tracking frameworks emerged
relatively late compared to object detection frameworks, and the difficulty of data anno-
tation is high, there is limited work combining livestock farming with single-object and
multi-object tracking algorithms. However, the existing work indicates that tracking tasks
have significant application scenarios in animal husbandry. They can effectively handle
real-time tracking tasks for specific individuals or groups of animals, improving the effi-
ciency of breeders and reducing their workload.

The widespread application of computer vision research in the field of animal hus-
bandry primarily focuses on utilizing anchor-based detection architectures to identify
animals in specific scenes within a single frame of an image. This approach requires
researchers to manually adjust anchor parameters according to different scenes to accom-
modate changes in the environment and does not efficiently analyze detection results over
time down to the level of individual animals. Additionally, detection networks tend to
focus excessively on extracting features related to the current frame, neglecting the con-
tinuous information present in video frames, which can be used to assist in detection and
tracking. These issues are also the focus of the research in this paper. The reliance on
anchor-based detection architectures, while effective in many cases, can be limiting when
it comes to adapting to dynamic environments and varying animal behaviors. The need for
manual tuning of anchor parameters can be labor-intensive and may not always result in
optimal detection performance, especially when there are significant changes in the scene
or when the lighting conditions vary. Moreover, the focus on per-frame feature extraction
can lead to the loss of valuable temporal information that is inherent in video data. This
continuous information can provide context that helps in understanding the behavior and
movement patterns of animals over time, which is crucial for accurate tracking and iden-
tification of individual animals. To address these challenges, the research presented in this
paper aims to explore alternative approaches that can better leverage the temporal dimen-
sion of video data, potentially improving the accuracy and efficiency of animal detection
and tracking in various farming scenarios. By incorporating methods that can capture and
utilize the temporal coherence between frames, the goal is to develop a more robust and
automated system for animal monitoring in the context of livestock farming.

3. Multi-object Real-time Tracking for Intelligent Breeding of
Animal

In this section, a new multi-object real-time tracking based on feature consistency is pro-
posed for intelligent breeding of animal (MRT-IB), which comprises three parts, i.e., se-
mantic feature extraction module, center point prediction module, and object and trajec-
tory calibration module. The main mathematical notations used in the paper are listed in
Table 1.

3.1. Semantic feature extraction module

DLA-34 network is composed of multiple modules, each of which includes a series of
convolutional layers and residual connections. It is capable of fusing feature maps from
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Table 1. Frequently used notations

Notations Description

f(·) the feature extractor
vt the t-th video frame in the breeding farm
zt the deep semantic representation of vt

Ht the heatmap spatiotemporal feature
H̄t the predicted spatiotemporal feature
P t the predicted center heatmap P t

z̄t the fusion representations z̄t

ai an animal in the t-th video frame
τi the trajectory of the animal ai

ei feature vector of the animal ai

dij the similarity between the i-th animal in the current frame and the j-th active trajectory in the current system.
Lk the detection box loss
α,β the balance coefficients

shallow and deep layers, allowing the network to simultaneously learn high-level semantic
information and low-level detail information. This aggregation of multi-scale features
helps the network to better understand the content of images, especially when dealing
with complex structures and diverse textures in the environment of breeding farms.

Therefore, MRT-IB utilizes the DLA-34, which has been pre-trained on the COCO
detection dataset, as the feature extractor f(·) to learn deep semantic representations of
video frames. Specifically, given the t-th video frame vt in the breeding farm, the deep
semantic representation zt is obtained via:

zt = f(vt) (1)

3.2. Center point prediction module

Fig. 1. The structure of center point prediction

The appearance and position of each object in surveillance videos exhibit a certain de-
gree of continuity, which can be leveraged to assist detection in the current frame. Many
related works in video detection and multi-object tracking have attempted to model the
similarity of object appearances across consecutive frames using Siamese networks or at-
tention mechanisms to enhance the network’s detection capabilities in the current frame.
This paper optimizes the complex process of feature similarity learning into directly pre-
dicting the positions of each object in the current frame. Additionally, an anchor-free
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architecture can utilize the center layer to directly detect the position of the object. There-
fore, this paper designs the center point prediction module to generate the center points
of the current frame’s center layer based on the output of the previous frame, as shown in
the fig. 1.

Specifically, the center point prediction module first needs to dimensionally expand
the centers of the previous n frames. Then, by concatenating along the expanded dimen-
sions, a heatmap spatiotemporal tensor Ht with dimensions of n × 1 × H × W is ob-
tained, which contains information about the changing positions of various animals in
the video over time. In surveillance videos, if the animals are far apart from each other,
the movement trajectories of each animal can be considered as independent trajectories.
When animals are in close proximity, due to the constraints of their volume, the trajec-
tories of the animals may have spatial relative relationships that could potentially influ-
ence each other. To capture these spatial relative relationships, this study considers using
convolutional kernels for acquisition. Therefore, the center point prediction module se-
lects ConvLSTM to process the animal heatmap spatiotemporal tensor, which can extract
spatial features and perform temporal feature processing through h hidden layers, thus
addressing the length and width of the current heatmap. ConvLSTM first performs h spa-
tiotemporal convolution operations to extract the spatiotemporal hidden layer features of
the movement trajectories of each animal within the spatiotemporal tensor. After obtain-
ing the spatiotemporal hidden layer features, it reverses the output of each hidden layer
to obtain a predicted spatiotemporal feature H̄t. Subsequently, the center point prediction
module utilizes a convolutional layer to decode this predicted spatiotemporal feature into
the predicted center heatmap P t with dimensions of 1×H ×W for the current frame.

H̄t = ConvLSTM(Ht) (2)

P t = Conv(H̄t) (3)

Then, the Hadamard product is utilized to aggregate the predicted center heatmap P t

and deep semantic representations for obtaining fusion representations z̄t.

z̄t = zt ◦ P t (4)

Such a method can strengthen the features in the semantic representation that are related
to the object’s position, while suppressing background features unrelated to the object,
thereby enhancing the performance of animal detection. Finally, we utilize the detection
network to generate detection boxes and appearance feature vectors for each animal in the
current frame, which are used for subsequent multi-object trajectory matching.

3.3. Object and trajectory calibration module

For an animal ai in the t-th video frame, MRT-IB designates the position of the animal ai
as the center coordinates of the detection box [xi, yi]. The appearance of the animal ai
consists of two parts: first, the size of the animal, represented by the width and height of
the detection box [wi, hi]. The second part is the appearance feature vector ei. In MRT-IB,
the detection box and the feature vector are used as information to distinguish between
different animals. The trajectory quintuple τi for ai is defined as follows:
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τi = [xi, yi, wi, hi, ei] (5)

where each value in the trajectory τi represents the detection box information and feature
vector of the matched object for animal ai in the t− 1 frame.

Due to the inherent continuity in the movement trajectories and size changes of an-
imals, MRT-IB considers using the Kalman filter algorithm to obtain the best estimate
of the animal’s detection box when matching with the trajectory. Taking the horizontal
coordinate xt

i of animal ai at time step t as an example, let the best estimate of the hori-
zontal coordinate after Kalman filtering for animal ai and trajectory j be denoted as xij .
In consecutive frames, an animal’s movement trajectory can be considered as uniform
linear motion. Generally, the greater the speed, the greater the distance of position change
should be, and vice versa. If there is a certain contradiction between these two values,
it indicates that the current observation may be affected by some noise. The discrepancy
can be corrected using the relationship between position and velocity information to ob-
tain the best estimated mean xij . The algorithm can first obtain the predicted value st

of the animal in its current state, where t represents the current state, x̄ij represents the
predicted position, and v̄ij represents the predicted velocity.

st =

[
x̄ij

v̄ij

]
(6)

Based on the relationship between velocity and displacement, under the condition
that the video frame rate is sufficiently high, it can be approximated that each animal is
undergoing uniform motion. Ignoring acceleration, the state transition equation for st can
be derived as follows:

st =

[
1 ∆t
0 1

]
st−1 = Fst−1 (7)

The state transition matrix is denoted as F , and the relationship between velocity
and displacement in any adjacent frames can be defined as mutually constraining R, rep-
resented by the covariance of position information x and velocity information v. Since
the actual state transition of animals may be affected by external factors such as sudden
movements or collisions, leading to certain variations in their state distribution, a noise
distribution is introduced with its covariance Qt represented as shown below.

Rt = F tRt−1(F t−1)T +Qt (8)

Rt =

[∑
xx

∑
xv∑

vx

∑
vv

]
(9)

Simultaneously, based on the detection network, one can obtain the observed values
of the current positions of the animals. These observed values are influenced by various
factors such as the precision of the detection network itself, the posture of the animals
during detection, and the background, and thus often have certain deviations. Let the
mean of the observed value distribution be mt and the variance be U t. Meanwhile, since
it is not possible to directly obtain the animals’ velocities from the detection network,
the Kalman filter introduces an observation matrix Kt, which allows the algorithm to
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derive the predicted observation value Ktst from the current state’s predicted value st. To
reconcile the predicted value Ktst with the observed value mt and have their distributions
multiplied, resulting in a new distribution, the Kalman gain K is used, as shown below.

K = RtRt(Rt)T (RtRt(Ht)T + U t)−1 (10)[
xij

vij

]
= sk +HtK(mt −Htst) (11)

The final value of
[
xij

vij

]
is the best estimate of the match between object ai and

trajectory j after being processed by the Kalman filter. Other parameters can be derived
in a similar manner to obtain an optimal estimated quadruple [xi, yi, wi, hi]. The loU
(largest overlapping Union) algorithm is then used to calculate the similarity between the
current trajectory and the detection box dbij .

Furthermore, for any given animal ai, an appearance feature vector ei can be extracted.
To represent the similarity between it and the most recently matched feature vector along
the trajectory, the cosine metric can be employed as follows:

deij =
eiej

∥ei∥ ∥ej∥
(12)

After obtaining the similarity between animal ai and trajectory j on the detection box,
and the similarity between the appearance feature vectors, we have:

dij = wbd
b
ij + wed

e
ij (13)

where dij denotes the similarity between the i-th animal in the current frame and the j-th
active trajectory in the current system.

3.4. Overall loss function

During the object extraction phase, a re-ID branch is introduced for extracting animal
appearance features. After this branch extracts the feature vector of the animal, a fully
connected network is used to obtain a confidence vector P = {p(c)|c ∈ [1, N ]}, where
N is the total number of ID labels used to distinguish different animals during training.
For the animal ai, there is a one-hot vector V i(c) used to indicate its assigned ID label.
The cross-entropy loss function for classification constraint is as follows:

Lr = −
∑
c

∑
i

V i(c) log(p(c)) (14)

The center point prediction requires supervision during training to enable the module
to infer the current frame’s predicted heatmap P through the heatmap spatiotemporal
tensor I . To this end, MRT-IB employs the structural similarity loss function (SSIM)
as a constraint, which quantifies the similarity between two images by comparing their
brightness, contrast, and structural information. The label heatmap is denoted as P̂ , with
the brightness of the heatmap represented by its mean µ and the contrast represented by
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its variance σ. The structural relationship between the predicted heatmap and the label
heatmap is captured by their covariance Σpp̂. The SSIM loss function Lp is given by:

Lp =
(2µpµp̂ + c1)(2σpp̂ + c2)

(µ2
p + µ2

p̂ + c1)(σ2
p + σ2

p̂ + c2)
(15)

where µP and µP̂ are the mean values of the predicted and label heatmaps, respectively,
ΣPP̂ is their covariance, and c1 and c2 are constants to prevent instability when the mean
or covariance are near zero.

Furthermore, MRT-IB employs a detection box loss to guide the accurate detection of
animals:

Lk = − 1

N

{
(1− p̂xyc) log(p̂xyc) pxyc = 1

(1− p̂xyc)p̂xyc log(p̂xyc) otherwise

}
(16)

where p̂xyc denotes represents the output of the detection box at position [x, y] for the
category c.

According to the aforementioned losses, the overall loss function of MRT-IB is de-
fined:

L = Lr + αLp + βLk (17)

where α and β are trade-off parameters.

4. Experiments

4.1. Set up

Dataset: The performance of the MRT-IB in animal detection is verified based on two
datasets. The first is the MOT (Multiple-object Tracking Challenge) pedestrian tracking
dataset, which is one of the most authoritative datasets in the field of multi-object tracking.
It is used to demonstrate the robustness of the algorithm. The second dataset consists
of sheep in farm surveillance videos, which is used to explore the effectiveness of the
algorithm in research on multi-object tracking of animals in farms. Unlike general tasks
such as detection and classification, where the division of training and validation data
often follows a 4:1 ratio in favor of the training set, or using five-fold cross-validation,
the effectiveness of multi-object tracking models is typically validated by arranging the
dataset in sequential order of video frames. The images from the first half of each video
sequence are used for training, while the images from the latter half are used to validate
the model’s performance.

Metric: (1) Multiple Object Tracking Accuracy (MOTA): It is used to evaluate the
tracking process over a period of time, accounting for detection errors and track switches.
By defining the total number of objects at any time t as Gt, the number of false positives as
Nt, the number of false negatives as Pt, and the number of track switches as It, the higher
the MOTA, the more accurate the onject detection and the more stable the assignment. The
MOTA is calculated using the following formula:

MOTA = 1−
∑

t (Nt + Pt + It)∑
t Gt

(18)
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(2) The IDF1 Score (IDF1): It is used to assess the correctness of track assignment
over a period of time. By defining the correctly assigned detections in a period as T , false
positives as N , and false negatives as M , the IDF1 is higher if the ID assignment of the
detected objects is more accurate during the multi-object tracking process. The calculation
formula for IDF1 is given by:

IDF1 =
2T

2T +M +N
(19)

(3) ID Switch(IDs): It is used to evaluate the stability of tracks over a period of time,
and the formula is as follows:

IDs =
∑
t

It (20)

Furthermore, Recall and Precision are also used to verify the effectiveness of MAR-IB.
Implementation details: MRT-IB is conducted in the Ubuntu 18.04 operating envi-

ronment. The model is implemented using Python 3.7 and the PyTorch 3.6 framework,
and both training and testing of the model are completed on CUDA 10.1 with an RTX
3080. In the experiment, MRT-IB utilizes the DLA-34 network, which has been pre-
trained on the COCO detection dataset, as the backbone for feature extraction. The initial
learning rate during the training process is set to 10−3, which is reduced to 10−4 when the
training reaches the 20-th epoch, with a total of 30 epochs for training. Throughout the
training process, images in the dataset undergo standard data augmentation procedures
such as rotation, flipping, and color space transformations.

4.2. Analysis of Object and Trajectory Matching

In MRT-IB, to verify the effectiveness of the object and trajectory matching, three meth-
ods for calculating similarity between the object and trajectory are discussed, as shown in
Table 2: (1) the first method directly calculates the IoU distance between the object detec-
tion box and the trajectory box recorded in the trajectory, (2) the second method predicts
the position of the trajectory in the current frame using the Kalman filtering algorithm,
and also filters the object position when matching the object and trajectory. Then, the oU
distance is used for similarity calculation. (3) the third method calculates the cosine dis-
tance between the feature vector recorded in the trajectory and the feature vector of the
object in the current frame for similarity calculation.

There are some observations obtained from the results in Table 2: (1) In the context
of surveillance video in a breeding farm, the MRT-IB method can achieve satisfactory
tracking results by simply using the Intersection over Union (IoU) distance to calculate
the similarity between each object and the detection boxes of the matched objects in the
previous frame. This is because in a breeding farm, the movements of the animals are rel-
atively slow for the majority of the time. With a fast detection frame rate, the changes in
the detection boxes of the same animal between adjacent frames are not significant, thus
yielding fairly good tracking outcomes. However, when sheep flock together or move to-
wards each other, the detection boxes of different sheep are in close proximity, which
makes it easier for the IDs of different sheep to be swapped. Therefore, the ID swapping
is noticeably higher in the IoU-only scheme compared to other methods. (2) MRT-IB can
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associate objects based on the appearance feature information of different animals, thus
effectively improving the IDF1 and IDs. However, the degree of improvement is not as
significant as that of the Kalman filter model. This indicates that in the context of animal
breeding, the motion information of animals plays a more substantial role in enhancing
tracking accuracy compared to their appearance information. This is largely due to the
fact that the appearance similarity among animals in breeding farms is not as high. More-
over, if an animal is occluded in one posture and then reappears in a different posture, its
appearance information actually undergoes significant changes. Considering feature in-
formation in such cases could lead to misguidance. On the other hand, by introducing the
re-ID branch to utilize appearance information during the tracking process, the detection
model’s ability to extract object features can be effectively enhanced, thereby improving
the detection results of the objects. (3) The combination of the Kalman filter and IoU
achieves the best matching because during the association process between each sheep’s
detection box and the detection boxes saved in the trajectory, it predicts the current de-
tection box parameters for that trajectory based on the changes of past detection boxes.
By combining the current frame’s detection box of each sheep and filtering it, an opti-
mal estimated value is obtained, effectively improving the accuracy of target-trajectory
association. As a result, both IDF1 and IDs are significantly enhanced.

Table 2. Analysis of object and trajectory matching in MRT-IB in terms of the animal
dataset

method MOTA IDF1 Recall Precision IDs

IoU 0.8020 0.8210 0.8770 0.9710 121
IoU+ Feature similarity 0.8240 0.8420 0.8770 0.9710 94
IoU+ Kalman filtering 0.8420 0.8770 0.8770 0.9710 98

4.3. Convergence Analysis of MRT-IB with respect to Animal Dataset

In the performance evaluation of the MRT-IB algorithm applied to an animal dataset, we
conducted a thorough convergence analysis. This analysis aimed to explore the perfor-
mance of the algorithm in key performance indicators such as Precision, Multiple Object
Tracking Accuracy (MOTA), and Loss as the number of iterations increased.

From the Fig. 2, it can be observed that the algorithm’s Precision rapidly improved in
the initial stages, growing from around 0.4 to close to 0.9, demonstrating the algorithm’s
efficient capability in identifying animal targets. This swift enhancement indicates that
the MRT-IB effectively distinguishes targets from the background when processing the
animal dataset, thereby reducing false positives and false negatives.

Similarly, the MOTA metric also shows an upward trend, gradually increasing from a
lower baseline to above 0.8, reflecting the algorithm’s accuracy and stability in tracking
multiple animal targets. The improvement in MOTA suggests that the MRT-IB algorithm
can effectively maintain the tracking of targets, even under the complex and variable be-
haviors of animals.

The decreasing trend in the Loss value further confirms the improvement in algorithm
performance. In the early stages of iteration, the Loss value significantly reduced, indi-
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Fig. 2. Convergence Analysis of MRT-IB Performance on Animal Dataset

cating that the gap between the model’s predictions and the actual annotations is quickly
narrowing. As iterations progress, the Loss value tends to stabilize, suggesting that the
model has converged to a more accurate predictive state.

Overall, the convergence analysis of MRT-IB on the animal dataset reveals its po-
tential in multi-object tracking tasks. With an increase in the number of iterations, the
algorithm shows significant improvement in key indicators such as Precision, MOTA,
and Loss, ultimately reaching a stable high-performance state. These results indicate that
MRT-IB is a promising algorithm suitable for animal behavior analysis and other scenar-
ios requiring precise multi-object tracking.

4.4. Effectiveness of Center Point Prediction

The current multi-object tracking model, FairMOT [29], primarily considers the use of lo-
cation and appearance information extracted by the detection network to associate targets
with trajectories across consecutive frames. However, it overlooks the potential of utiliz-
ing this information during the detection phase to assist, thereby better aiding detection-
based multi-object tracking models in completing tracking tasks. In previous experiments,
it was observed that detection-based models could achieve fairly good results by relying
solely on the position information, and the accuracy of the detection results could sig-
nificantly enhance tracking precision. Therefore, this paper considers the introduction of
a Central Point Prediction Module into the detection network to explore the impact of
incorporating position-based multi-frame information during the detection phase on the
results of multi-object tracking. This module can leverage the continuity of individual
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animal trajectories in the video and the relative relationships between multiple animal
trajectories to predict the positions of each animal in the current frame. By combining
these predictions with the semantic features of animals extracted from the current frame
image by the feature extraction network, it can assist in animal detection and tracking.
The experimental results are shown in Table 3

From the comparative experiments, it can be seen that in MOT-16 and MOT-20, MRT-
IB has improved MOTA by 1.0 and 1.3 points, respectively. However, IDS has only shown
a slight increase compared to the baseline model. In contrast, in MOT-17, MRT-IB has en-
hanced MOTA by 1.9 points, while ID has decreased by approximately 25% compared
to the baseline model. This indicates that in MOT-16 and MOT-20, although MRT-IB
can improve the baseline model’s MOTA, it is mainly due to the enhancement of the
model’s detection capabilities. This is evident from the recall and precision rates of the
two datasets, where recall has increased while precision has slightly decreased. Through
MRT-IB, the baseline model is better able to detect targets that were previously unde-
tected, but it also introduces some false positives. In the case of MOT-17, MRT-IB not
only improves the model’s detection capabilities but also enhances its trajectory mainte-
nance capabilities. Unlike the first two datasets, MRT-IB shows a decrease in recall, while
the precision increases.

The results above indicate that MRT-IB can leverage the continuity of object posi-
tions to enhance the tracking performance of the model in two aspects. On one hand,
when an object that has appeared before is missed by the original model in the current
frame, MRT-IB will strengthen such targets, thereby reducing the model’s false negatives.
However, this may also lead to the detection of targets that should have disappeared in
the current frame, resulting in false positives. Such false positives can cause the tracking
model to assign new IDs to these targets, thus weakening the model’s trajectory main-
tenance capability. On the other hand, when the original model produces false positives
in the current frame, these targets, having not appeared before, will be relatively weak-
ened, thereby improving the model’s precision. But this could also lead to the weakening
of new targets that should have been detected, which in turn reduces the recall rate of
the tracking model. Meanwhile, as MRT-IB can improve detection precision, it can ef-
fectively enhance the tracking model’s ability to maintain trajectories. Across the three
datasets, MRT-IB has effectively increased the model’s IDF1, indicating that MRT-IB can
provide more precise information for the association phase, thereby helping the tracking
model to improve the accuracy of matching trajectories to targets during tracking.

Table 3. Enhancement of the Central Point Prediction on the MOT Dataset for the Base-
line Model FairMOT

method(dataset) MOTA IDF1 Recall Precision IDs

FairMOT(MOT-16) 0.6760 0.6940 0.7340 0.9370 456
MRT-IB(MOT-16) 0.6860 0.7050 0.7500 0.9310 479
FairMOT(MOT-17) 0.6930 0.7350 0.7800 0.9110 477
MRT-IB(MOT-17) 0.7140 0.7490 0.7680 0.9410 357
FairMOT(MOT-20) 0.7290 0.7210 0.7640 0.9610 2900
MRT-IB(MOT-20) 0.7424 0.7300 0.7830 0.9550 3014
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Fig. 3. Influence of noise and threshold on center point prediction

4.5. Influence of noise and threshold on Center Point Prediction

In real tracking scenarios, networks often encounter situations of missed detections and
false alarms. However, during training, using real labels directly cannot simulate the
missed detections and false alarms that occur in real scenarios. Therefore, it is neces-
sary to process the input heatmaps during training to simulate missed detections and false
alarms, thereby improving the robustness of the position prediction network. One intuitive
method is to directly train with continuous sequences of images. When training the posi-
tion prediction network, the heatmaps generated by the model in the previous few frames
are used directly as the input to the position prediction network. Although this method
allows the position prediction model to use the network’s output during training, thereby
improving robustness, it introduces fixed temporal continuity during training, which can
lead to decreased generalization performance and overfitting. Additionally, in the early
stages of training the detection network, the quality of the output of the detection network
is not guaranteed, which can lead to the position prediction module learning irreversible
noise. Therefore, during the training phase, for any frame image, this study extracts the
true keypoint heatmaps of the previous frames and adds noise to these labels to simulate
missed detections and false alarms. Specifically, this is achieved by randomly removing
annotated points from the heatmap to simulate missed detections, while randomly adding
new annotated points near the annotated points to simulate false alarms. This approach al-
lows for the use of random image inputs during training to avoid the model being affected
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(a) (b)

(c) (d)

Fig. 4. The sensitivity analysis of parameters α and β on the animal dataset for MAR-IB

by fixed temporal data. During testing, the network produces small responses for many
regions without targets. Although these responses do not appear in the results due to not
reaching a predefined threshold, they can introduce considerable noise if the unprocessed
keypoint heatmaps are directly fed into the central position module.

From the results in Fig 3, it can be observed that without threshold processing, multi-
object tracking metrics experience a significant decline, while not adding noise to the
labels also leads to a slight decrease in multi-object tracking metrics. To further analyze
the experimental results at a deeper level, it is necessary to compare the various detection
metrics with the trajectory matching metrics, as shown in Table 4.

Considering the responses in the heatmaps that do not reach a certain threshold dur-
ing the testing process greatly reduces the accuracy of the tracking network, resulting in
numerous false alarms. Consequently, many IDs are erroneously assigned, further weak-
ening the network’s ability to maintain trajectories. As a result, all metrics for multi-object
tracking experience a significant decrease. However, after adding noise to the training la-
bels, the tracking model effectively improves both recall and precision. This indicates
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Table 4. Influence of noise and threshold on center point prediction in multi-object track-
ing scenario

method noise+threshold noise threshold

Recall 0.7680 0.7660 0.7580
IDs 16.52 15.85 16.26

a notable enhancement in the detection capability of the tracking model, as well as an
increase in precision in trajectory assignment and maintenance.

4.6. Parameter Analysis

Fig. 4 presents the outcomes of the sensitivity analysis for the trade-off parameters α and
β within the MAR-IB framework when applied to the animal dataset. These parameters
were confined to the values within sets {0.0001, 0.001, 0.01, 0.1} and {0.001, 0.01, 0.1, 1}.
The graphical representation in Fig. 4 highlights the resilience of MAR-IB to variations in
α and β. Notably, the model exhibits consistent and reliable performance across different
parameter settings, with an optimal balance achieved when α and β are both set to 0.001
and 1. This suggests that the model is relatively insensitive to fine-tuning of these parame-
ters, which is advantageous for practical applications where computational resources may
be limited or where the dataset’s complexity necessitates a more straightforward tuning
process.

5. Conclusion

In this paper, MRT-IB first highlights the limitations of current object detection algorithms
in farm imagery, which are unable to automatically associate detection results of specific
animals across consecutive frames for statistical analysis. It then introduces a detection-
based multi-object tracking scheme that leverages the continuity of individual animals’
movement trajectories and appearance changes in farm imagery, as well as the differ-
ences in position and appearance among different animals, to associate detection results.
Furthermore, it proposes enhancing the detection capability in multi-object tracking by
utilizing animal position information. Finally, this chapter designs multiple control ex-
periments for the multi-object tracking model in farm imagery. The experimental results
show that in the process of multi-object tracking of animals in farms, the animals’ po-
sitions can effectively serve as a reference for data association. The animal appearance
information extracted by the re-ID branch can effectively supplement the animal position
information, improving the network’s feature extraction ability and leading to more ac-
curate detection results. Through ablation experiments on pedestrian datasets and animal
tracking datasets, the chapter demonstrates that the model based on center point predic-
tion proposed in this study can further effectively utilize object position information to
enhance the model’s detection capability and help the tracking model achieve more pre-
cise animal ID associations. The performance improvement of this module in multi-object
tracking models is evident in multiple scenarios, proving the robustness of the model.
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Abstract. English text named entity recognition aims to alleviate the problem of
insufficient labeling data in the target domain. Existing methods usually use feature
representation or model parameter sharing to realize cross-domain transfer of entity
recognition capability, but there is still a lack of full utilization of structured knowl-
edge in text sequences. Therefore, this paper proposes an adaptive English named
text entity recognition method based on multi-feature extraction and transformer.
Firstly, a bidirectional long term memory conditional random field entity recogni-
tion model based on BERT pre-trained language model is constructed on a generic
domain dataset. In the training process, the weights of two character vectors of
text words are dynamically calculated and combined, which makes the model make
full use of the information in the character granularity, and the parts-of-speech in-
formation and block analysis are added as additional features. The word vectors,
character-level features and additional features are spliced into the BiLSTM-CRF
neural network model for training. Finally, experiments are carried out on five En-
glish datasets and specific cross-domain named entity recognition datasets respec-
tively. The results show that the average performance of the proposed model is
improved by 0.43% and 1.47% compared with the current cross-domain model,
indicating that the structured knowledge in feature representation can effectively
improve the entity recognition capability of the target domain.

Keywords: Adaptive English named text entity recognition, multi-feature extrac-
tion, transformer, domain invariant knowledge.

1. Introduction

Named entity recognition (NER) is a fundamental information extraction task that plays
a crucial role in natural language processing applications such as information retrieval,
automatic text summarization, intelligent question answering, machine translation4, and
knowledge graphs. NER is to extract some predefined specific entity from the sentence
and identify its correct type, such as person, place, organization [1-3].

Early NER methods can be divided into two types: rule-based methods and statistics-
based methods. The rule-based approach is to manually design a large number of rules for
specific fields to match named entities according to the task, and generalize and restrict
them to other fields. Therefore, a rule-based approach is time-consuming and expensive. A
statistics-based approach transforms NER tasks into sequential labeling tasks and trains
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them using a corpora of manual labeling. Because the cost of labeling is much lower
than the cost of designing rules, statiscy-based methods became mainstream before the
explosion of deep learning, such as hidden Markov models (HMM) [4] or conditional
random fields (CRF) [5].

NER has gone through three major stages of development, rule-based recognition
methods, statistics-based machine learning methods and depth-based learning methods.
In NER, the appearance of BiLSTM-CRF has opened the prelude of named entity recog-
nition in deep learning. Its emergence makes the model more concise and robust, and be-
comes the deep learning benchmark for solving NER problems. The representation layer
is based on character information, adding radicals, glyphs, parts of speech, pronunciation,
dictionaries and other information on the basis of character information. Text encoding
can use neural networks to obtain context dependencies. The label decoding layer predicts
and labels the input sequence. These models have their own advantages and disadvantages
when dealing with entities [6-8]. For example, CNN can parallelize data, so the calcula-
tion speed is faster, but there is a problem of memory loss of context information. LSTM
is a variant of RNN that is efficient at learning long-haul dependent information, but there
are still gradient problems. GNN can mine the relationship between entities more effi-
ciently by constantly mining the graph data model, but the model structure is too large, so
the flexibility and expansion is poor. Transformer is often pre-trained in combination with
BERT to generate deep language features, but it consumes a lot of computing resources.
Therefore, the selection model should be analyzed according to the specific situation.

Character representation is the focus of NER research. Simple external features such
as parts of speech, radicals, and strokes, which contain less information, are effective in
the absence of enough information, and perform well before the proposed BERT pre-
trained model. However, with the development of pre-trained language models such as
BERT, pre-trained character representations can capture most of the semantic informa-
tion of Chinese characters, so it is difficult for NER models to benefit from simple exter-
nal features when using these pre-trained language models. In addition, it is necessary and
valuable to learn from the existing English NER method to solve the Chinese NER prob-
lem. Uzair et al. [9] showed that the randomly initialized output layer performed better in
the target domain than the output layer in the migrated source domain. The word embed-
ding layer and the hidden layer had better generalization ability, and could be effectively
mapped to the semantic vector space of the target domain after migrating to the target
domain. Liang et al. [10] used BERT-WWM (whole word mask) model in the Chinese
field. The biggest difference between Ernie and the original model was that it adopted
the entity-level masking training strategy and combined external knowledge to train the
BERT model. The performance of NER experiment conducted in the Chinese field is bet-
ter than that of the original BERT. Although these models have reached the state of the
art (SOTA) in the general field, whether the pre-trained model trained on a large number
of unstructured corpus can improve the NER task effect in a specific field still needs to be
verified by relevant research [11,12].

To solve these problems, this paper proposes an adaptive English named text entity
recognition method based on multi-feature extraction and transformer. The main contri-
butions of this paper are as follows:
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1. Firstly, a bidirectional long term memory conditional random field entity recognition
model based on BERT pre-trained language model is constructed on a generic domain
dataset.

2. In the training process, the weights of two character vectors of text words are dy-
namically calculated and combined, which makes the model make full use of the in-
formation in the character granularity, and the parts-of-speech information and block
analysis are added as additional features.

3. The word vectors, character-level features and additional features are spliced into the
BiLSTM-CRF neural network model for training.

2. Related Works

2.1. Pre-trained Model

In NER deep learning model, word embedding is a common data preprocessing method
that can learn word vector representations and capture the corresponding semantic and
syntactic information of sentences.

Pokharel et al. [13] provided a comprehensive review of the pre-trained language
model of NLP, and divided PTM into pre-trained word embeddings and pre-trained con-
text encoders. On the basis of classification, pre-trained character embeddings are di-
vided into static embeddings and dynamic contextual embeddings. Static embeddings are
trained to look up tables in which the embeddings of each character are fixed, such as
NNLM, Word2vec, FastText, Glove, etc. However, because the training result of static
embedding is a fixed word vector matrix, which cannot be dynamically modified, it can-
not solve the polysemy phenomenon and realize the real semantic understanding of text.

Dynamic context embedders are also known as pre-trained language models, which
generate representations that change depending on the context, such as ELMo, BERT,
ERNIE, ALBERT, NEZHA, etc. BERT is the most commonly used. For a given character,
BERT takes its character position embedding, sentence position embedding and character
embedding as input, and then uses mask language model (MLM) to pre-train the input
sentence with deep bidirectional representation to obtain robust contextual character em-
bedding. Because of BERT excellent performance, some scholars began to explore how
to achieve similar results with fewer training resources [14-16]. Therefore, RoBERTa,
SpanBERT and other improved models based on BERT model have been proposed suc-
cessively. Such models limit the length of input sequences and thus do not perform well
on generative tasks such as automatic text summarization. To solve this problem, XLNet
extracts long text features by applying Transformer-XL. In addition, the ERNIE model
[17] also focuses more on word vector training in the Chinese field.

2.2. The NER Correlation Between Chinese and English

In recent years, the superior nature of deep learning in the field of NLP, which can learn
feature representations directly from data, has brought significant breakthroughs in the
field. In terms of English named entity recognition, deep learning models have also sig-
nificantly improved their performance. At the same time, compared with Chinese named
entity recognition technology, NER technology of English text has reached a relatively
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mature stage due to the unique English word segmentation rules, that is, the natural space
barrier between words. Therefore, in recent years, scholars at home and abroad began to
apply English NER technology to Chinese named entity recognition, because both Chi-
nese and English texts have obvious grammatical and lexical characteristics. Secondly,
both Chinese and English are context-important languages, and the context information
of entities has an important impact on entity recognition. In addition, the problems faced
by Chinese NER and English NER are similar, for example, the problem of unknown
words. With the development of various fields and the era of big data, there will be a large
number of new entities, but these new entities lack uniform naming rules in the dictionary.
Therefore, named entity recognition (NER) requires strong contextual reasoning ability
to identify nested entities in both English and Chinese, including both outer and inner
entities. This is one of the hot topics in current NER research. At the same time, both
Chinese and English NER have the problem of text ambiguity, and the same text may
represent different entity types in different positions, so it is necessary to conduct entity
disambiguation before NER [18,19].

To sum up, due to the particularity of Chinese language and the late start of NER in
Chinese, some deep learning methods directly applied to Chinese named entity recog-
nition tasks cannot achieve the same good results as English named entity recognition.
Therefore, it is difficult to recognize Chinese named entities. The particularity and diffi-
culty of NER in Chinese are reflected in the following points:

1. The boundary of Chinese words is fuzzy. Unlike English texts, Chinese texts do not
have displayed separators (such as spaces) and obvious parts-of-speech changes (for
example, place names and personal names in English are capitalized) as boundary
markers. Therefore, it is difficult to determine the segmentation boundary.

2. Nested entities. Entity contains other entities or is contained by other entities, and it
is one of the current research hotspots to identify both internal and external entities.

3. Entity ambiguity. In the results of entity recognition, there may be different refer-
ences to the same entity, or there may be multiple meanings of one word, which will
lead to inaccurate and ambiguous results of entity recognition. Therefore, it is nec-
essary to disambiguate the entity recognition results before obtaining accurate and
unambiguous information.

4. Low resource NER. At present, for limited domains and limited entity types, named
entity recognition can achieve good recognition results in these places, and cannot be
transferred to other specific domains.

2.3. Flat Solid Boundary Problem

The process of named entity recognition usually includes two parts: (1) entity boundary
recognition; (2) Identify the type of entity (person, place, institution or other) [20-22]. So
determining the entity boundary plays an important role in named entity recognition. NER
entities can often be identified by some obvious formal sign, such as a place or person
entity capitalized in a word. Therefore, entity boundary identification is relatively easy in
English. However, compared with English, Chinese named entity recognition task is more
complicated. This is because Chinese entities often do not have obvious formal signs,
and the composition of entities is more complex. Compared with entity category labeling
subtask, entity boundary recognition is more difficult in Chinese NER task. Therefore,
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in the Chinese NER task, it is necessary to adopt more complex and fine algorithms for
entity recognition and boundary recognition to achieve higher accuracy and recall rate.

Some researchers have used character-based approach to solve NER, which has
achieved good performance, but can not use word boundary and word order information
to determine the entity boundary. In recent years, with the introduction of deep learn-
ing, NER research mainly focuses on the feature that there is no clear boundary between
Chinese words. In the process of research, it is found that the introduction of external
resources can provide boundary information for the Chinese named entity recognition
model which is not completely based on words. Thus, the model performance is im-
proved, which is regarded as one of the auxiliary tools to improve the model performance.
Therefore, the method of determining entity boundary can be roughly summarized into
two aspects: word segmentation and Chinese word feature fusion. Gate Recurrent Unit
(GRU) is a special kind of Recurrent Neural Network (RNN) [23,24]. GRU is similar
to LSTM in performance but simpler and more efficient, and the training time is greatly
shortened while retaining important timing features. Yu et al. [25] used GRU to capture
the long-distance features of Chinese characters and applied them to Chinese named en-
tity recognition, and achieved good results. Setiawan et al. [26] used BiGRU to extract
character-level word vectors as part of the input in fine-grained sentiment analysis, and
the results showed that character-level features extracted by BiGRU had a positive impact
on model performance.

Relevant studies have shown that character-level features are effective in biomedical
named entity recognition tasks, but different extractors have different character-level fea-
tures, and the effect of using a single character-level feature extractor is limited. Therefore,
this paper uses CNN and BiLSTM to extract different types of character-level features,
adaptively integrates the two character-level features in different contexts, and proposes
an adaptive named entity recognition model based on character-level features.

3. Proposed Adaptive Entity Recognition Method

3.1. Character Level Feature Extraction

Character-level features have been proved to be effective in various NLP tasks and can
improve the performance of such tasks. References [27,28] shows that character-level
features can significantly improve the performance of machine translation. Tran et al.
[29] had applied character-level features to text classification to improve the performance
to some extent. The advantage of using character-level features was that they could be
extracted directly from the original text without designing additional manual features, and
there was no need for complex preprocessing of the original corpus. In this paper, CNN,
BiLSTM and Bidirectional Gate Recurrent Unit (BiGRU) are used to extract character-
level features of words.

A. Character level CNN model
CNN is suitable for feature extraction of presuffixes and composition of words. The

structure of CNN is shown in Figure 1, and the specific process is as follows. Each word
in the original text is disassembled and filled to the maximum word length, so that the di-
mension size of the character vector matrix is consistent. The local features of the current
word are extracted from the matrix formed by the characters of each word through con-
volution operation. The size of convolution kernel determines the range of local features
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that can be extracted by CNN. The key information in the feature is extracted through the
pooling process. The result is a 30-dimensional character vector.

Fig. 1. Schematic diagram of character level feature extraction by CNN

B. Character level BiLSTM model
BiLSTM is good for spelling information about words. The structure of character fea-

tures extracted by BiLSTM is shown in Figure 2. First, each character of the word is read
from front to back to calculate the forward character vector Vf , and then the backward
character vector is calculated by reading the characters of the word from back to front.
The forward vector and the backward vector are connected in series to obtain the vector
VT of the word character level. VT retains both forward and backward information and is
ultimately represented as a 30-dimensional character vector.

C. Character-level BiGRU model
Different character-level feature extraction models have different characteristics. CNN

is suitable for extracting local features and representing information such as presuffixes
and compositions of words, while it lacks attention to long-distance dependent informa-
tion. BiLSTM and BiGRU pay more attention to timing features, which are suitable for
representing the character spelling information of words, and pay less attention to local
features. Deng et al. [30] directly spliced the character-level features extracted by CNN
and BiLSTM to form combined character features and took them as part of the input
in biomedical named entity recognition. The experimental results showed that the ef-
fect of combined features was better than that of single features. Xu et al. [31] extracted
character-level features from BiGRU and then extracted local features in the convolution
process for Chinese named entity recognition, and achieved good results.

Different character-level feature extractors focus on different points. When using dif-
ferent extractors to extract features, if different weights can be assigned to different fea-
tures, so that the model can make full use of information in character granularity, it will
have a positive impact on the performance of the model. For a sentence
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Fig. 2. Schematic diagram of character level feature extracted by BiLSTM

S = W1,W2, · · · ,Wn, CNN is used to extract the local feature VP of the word char-
acter level in S, and one of BiLSTM or BiGRU is used to extract the sequence feature
VT of the character level. VP is consistent with the dimension of VT , and Ṽ is used to
represent the character-level combination feature.

The first strategy. According to the gradient method, the character features extracted
by different extractors are given different weights on the macro level to test the degree
of influence on the performance of the model. For example, the weight assigned to VP is
α0, the weight assigned to VT is β0, and ⊕ represents the concatenation operation. The
combination process satisfies formula (1), and 0.1 ≤ α0 ≤ 1.9, 0.1 ≤ β0 ≤ 1.9. When α0

and β0 are equal, it is equivalent to VT , and Ṽ and is directly concatenated. The process
of generating character-level combination feature Ṽ0 under this strategy can be expressed
as:

α0 + β0 = 2. (1)

Ṽ0 = α0VP ⊕ β0VT . (2)

Artificially controlling the weights of different types of character features may have
positive or negative effects on model performance, which is highly uncertain. Therefore,
the second strategy is proposed. To calculate dynamic weights in the process of model
training, different types of extractors are selected to extract character level features of
words. In the training process, the weight of each feature is dynamically calculated, so
that the weight of important features becomes larger, the weight of unimportant features
becomes smaller, the important part is strengthened, and the unimportant part is weak-
ened. The process of generating character-level combination feature Ṽ1 under the adaptive
strategy can be expressed as:

Mish(x) = x× (tanh(ln(1 + ex))). (3)
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z1 = σ(Mish(VP )). (4)

z2 = σ(Mish(VT )). (5)

α1 = 2× z1
z1 + z2

. (6)

β1 = 2− α1. (7)

V ′
P = α1 × VP . (8)

V ′
T = β1 × VT . (9)

Ṽ1 = V ′
P ⊕ V ′

T . (10)

In the above formula, Mish represents the Mish activation function, which allows bet-
ter information to penetrate into the neural network. σ is the sigmoid activation function.
z1 and z2 are transition matrices after a series of nonlinear transformations. Each number
in z1 and z2 ranges from 0 to 1. α1 represents the weight matrix of the local eigenmatrix.
β1 represents the weight matrix of the temporal eigenmatrix. For each word in the input
text, the model selectively strengthens or weakens the character-level local features corre-
sponding to the word, and weakens or strengthens the character-level temporal features of
the word. The operation trend of the two features is opposite. Finally, the two transformed
character level features are concatenated to obtain character level combination features.

3.2. BERT

In the whole pre-training process, BERT adopts Transformer Encoder model to realize
joint context constraint optimization among all layers, realize left-to-right bidirectional
training, and can also carry out cross-information transfer between upper and lower layers,
instead of just focusing on the text information of the current input words.

The Transformer Encoder consists of a multi-head self-attention mechanism layer and
a feed-forward neural network layer. The multi-head attention mechanism layer is mainly
composed of multiple attention mechanism units, and a single attention mechanism unit
adopts the principle of scaled dot-product attention (SDPA) [32]. A fully bidirectional
attention value is calculated for each input. After adding the input embedded word vector
I to the positional encoding matrix representing each word position, the Q (Query) matrix,
K (Key) matrix, and V (Value) matrix are generated by multiplying the matrix weights
WQ, WK , and WV . The Q matrix [Q1, Q2, Q3, · · · ] is generated by the current word.
The K matrix [K1,K2,K3, · · · ] and V matrix [V1, V2, V3, · · · ] are generated by context
words. As shown in formula (11), in a single attention mechanism unit, the input Q matrix
of the current word is multiplied by [K1,K2,K3, · · · ] and then divided by the dimension
dk of the K matrix. After normalization by Softmax, the weight matrix is obtained and
multiplied by [V1, V2, V3, · · · ] to obtain the self-attention unit Zi. As shown in equation
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(12), all self-attention units Zi are splicing and linear mapping is performed through W
to obtain multi-head attention matrix Z, which is used to reflect the relationship between
current words and context words. Finally, Z is added and regularized with the original
input embedding word vector I , and then added and regularized with the feedforward
layer input matrix again through the feedforward neural network to obtain Transformer
encoding vector.

Zi = Softmax(
Q×KT

√
dk

)V. (11)

Z = Concat(Z1, · · · , Zh)W. (12)

3.3. Source Domain Pretrained LSTM Layer

LSTM neural network model has been widely used in feature extraction for sequence
annotation tasks. LSTM can be used to train traditional news models with rich corpus
sets. Reference [33] realized the fast training of the source domain model, as shown in
Figure 3.

Fig. 3. LSTM structure

In the structure diagram of the LSTM unit, it, ft and ot respectively represent the
states of the input gate, forget gate and output gate in the LSTM unit at time t. ht−1 in-
dicates the hidden state at time t − 1. ct represents the cell state at time t. σ indicates
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Sigmoid. tanh represents the hyperbolic tangent excitation function, as shown in equa-
tions (13)-(18).

it = σ(Wihht−1 +Wixxt + bi). (13)

ft = σ(Wfhht−1 +Wfxxt + bf ). (14)

c̃t = σ(Wchht−1 +Wcxxt + bc). (15)

ct = ftct−1 + itc̃t. (16)

ot = σ(Wohht−1 +Woxxt + bo). (17)

ht = ot tanh(ct). (18)

At t time, the word vector of BERT pre-training layer is used as the input of LSTM
layer, and the hidden state of LSTM at t − 1 time is combined to obtain the hidden state
of t time. Finally, the output hiding state of BiLSTM can be obtained by combining the
forward LSTM hiding state and the reverse LSTM hiding state.

3.4. BiLSTM Output Adaptation Layer Integrating Attention Mechanism

By introducing the attention mechanism to extract the feature vector in the context, the
key words in the text will get more efficient feature extraction, so that the feature vector
will integrate more contextual semantics. For the input sentence L = [x1, x2, x3, · · · ],
it inputs the current word xt of the BERT embedding word vector at time t. Firstly, the
attention weight αtj is calculated, where the greater the value of αtj indicates that the
current word xt is more influenced by xj , as shown in equation (19).

αtj =
exp(score(xt, xj))∑n
j=1 exp(score(xt, xj))

. (19)

This paper uses the following four alignment algorithms to calculate score(xt, xj)
to measure the degree of association between the current word and the context word in-
cluding Manhattan distance; Euclidean distance; Cosine distance; Perceptron mechanism.
Here, the greater Manhattan distance and Euclidean distance denote the higher degree of
correlation. The larger cosine distance and the perceptron denote the smaller correlation
degree. The final result is score(xt, xj) = a+ b− c− d, as shown in equation (20).

score(xt, xj) =



Wa|xt − xj |
Wa(xt − xj)

T (xt − xj)

Wa(xt · xj)

|xt| · |xj |
tanh(Wa[xt;xj ])

(20)
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Then, the output hidden state hj and the attention weight αtj at each moment of
the BiLSTM frozen layer of the pre-trained source domain are weighted and summed
to obtain the global variable gt. After concatenating with the output hidden state ht at
the current moment, the linear mapping is carried out through matrix Wg , and the output
Mt of the attention layer is obtained through tanh activation function. Further feature
extraction is carried out by randomly initialized BiLSTM, as shown in equations (21)-
(22).

gt =

N∑
j=1

αtjhj . (21)

Mt = tanh(Wg[gt;ht]). (22)

3.5. CRF Labeling Layer

From the context features extracted from the BiLSTM output adaptation layer that in-
corporates the attention mechanism, the CRF layer can further consider the dependencies
between sequence labels. The emission matrix Pxt,yt

is the xt output probability given for
the BiLSTM output adaptation layer. The transition matrix Tyt−1,yt

represents the proba-
bility of transferring the output yt−1 to the output yt from time t− 1 to time t. All preset
labels are normalized to obtain the probability of the current output label. Given the input
xt, the score s(xt, yt) of the output yt is obtained. The probability of the current output
label is obtained by normalization, as shown in equations (23) and (24).

s(xt, yt) =

n∑
i=1

(Tyt−1,yt
+ Pxt,yt

). (23)

P (yt|xt) =
exp(s(xt, yt))∑

yt∈y exp(s(xt, yt))
. (24)

In the training process, Viterbi [34] algorithm is used for maximum likelihood esti-
mation to maximize the probability of the model predicting the calibration label for the
input text, and the expression of Loss is obtained, as shown in equation (25).

Loss = argmax
ỹ

s(x, ỹ). (25)

3.6. Training Process

In the process of transfer learning training, when pre-training the language model source
domain BERT, it is inevitable to encounter some unknown words, which make the model
have to generate new vocabularies and train them. In order to make the best use of the
rich semantic features in the pre-trained word vector model, this paper only trains the
high frequency unknown words and integrates them with the source language model.
After initialization, freeze BERT language model parameters to avoid overfitting.

The LSTM model parameter θS trained by the source domain data set DS is taken as
the LSTM parameter θT of the target domain model. Because of the difference between
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the feature semantic space of source domain and target domain, the radical training strat-
egy will cause the whole model to lose the feature information of source domain language
which is needed for the optimization of target domain. However, if the training source do-
main neural network is updated too cautiously, the iterative efficiency of the whole model
will decrease, and overfitting will easily occur. In the transfer learning of this paper, the
hyperparameter ξ is set as the ratio of the learning rate of the LSTM layer and the adaptive
neural network layer that integrates the attention mechanism. The specific definitions are
shown in equations (26) and (27).

lrS = σ × lrT . (26)

σ =
CountT
CountS

× ξ. (27)

Where CountT and CountT are the number of tokens in the source domain and target
domain data set respectively, and ξ is the hyperparameter. In this paper, the new adaptive
neural network layer is inserted into the last layer. Because this layer generally contains
the least amount of knowledge, the source domain model dominates transfer learning.

4. Experiment and Analysis

To verify the validity of the proposed method, experiments are conducted on five English
datasets and a specialized cross-domain dataset. The experimental analysis is carried out
from four aspects, namely ablation experiment, saliency detection, and fine-grained anal-
ysis.

4.1. Experimental Data

The five English datasets are CoNLL-2003 (Conll03), Twitter (T), Broad Twitter(BT),
BioNLP13PC (PC), and BioNLP13CG (CG). CoNLL-2003, Twitter, and Broad Twitter
datasets are similar domains with roughly similar entity types, including person (PER),
location (LOC), and organization (ORG). CoNLL-2003 contains more miscellaneous
(MISC) entities than Twitter. The BioNLP13PC dataset and BioNLP13CG dataset belong
to the medical and biological fields, and the entity types mainly include simple chemical
(CHEM), cellular component (CC), gene and gene product (GGP). BioNLP13CG also
includes species (SPE) and cell. The specific data set statistics are shown in Table 1. The
cross-domain dataset [35] is a specialized cross-domain NER dataset CrossNER, which
contains five domains, namely politics, naturalscience, music, literature, and artificial in-
telligence intelligence (AI). Each domain contains a specific entity type, and the specific
data set statistics are shown in Table 2.

According to the different types of entities in the data set and the differences in related
fields, the experiment can be divided into two groups. Group 1: The same experimental
group is selected from 5 English data sets. For example, when Twitter and Broad Twitter
are used as target domain data sets, CoNLL2003 is used as source domain data. When
BioNLP13PC is used as the target domain data set, CoNLL-2003 is selected as the source
domain data set, and experiments are conducted between different domains and similar
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Table 1. English data set statistics

Data set Type Training number Verification number Testing number

Conll03 Sentence 15100 3500 3700
Conll03 Entity 23500 5900 5700
Conll03 Word 219600 55000 50300
T Sentence 4300 1300 1500
T Entity 7500 2500 2500
T Word 68700 22900 23100
BT Sentence 6300 1000 2000
BT Entity 8800 1700 4300
BT Word 106300 16000 37400
PC Sentence 2500 900 1700
PC Entity 7900 2700 5300
PC Word 71700 24500 47900
CG Sentence 3000 1000 1900
CG Entity 10800 3600 6900
CG Word 86500 28600 54700

Table 2. CrossNER data set statistics

Data set Type Training number Verification number Testing number

politics Sentence 200 500 600
politics Entity 1300 3400 4200
natural science Sentence 200 400 500
natural science Entity 1000 2500 3500
music Sentence 100 300 400
music Entity 600 2600 3300
literature Sentence 100 400 400
literature Entity 500 2100 2200
AI Sentence 100 300 400
AI Entity 500 1500 1800
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domains to verify the effect of MSKECDNER’s migration between different domains.
Group 2: Five different domain-specific data are selected from the same experimental
group as CrossNER as the target domain data set, and CONLL-2003 is selected as the
source domain data.

4.2. Experimental Setup

For the five publicly available English data sets, it initializes the parameters of the model
with reference NCRF++ [36]. As the data sets of source domain and target domain change
in different experiments, the parameters of the model also change. For example, when the
source domain is BioNLP13PC and the target domain is BioNLP13CG, the optimizer is
SGD algorithm, the learning rate is set to 0.005, the learning rate decay is set to 0.01,
the batch size is set to 10, the hidden state dimension is 250, and the hidden variable
dimension is 200, and the dropout is set to 0.5 to prevent overfitting. When Twitter and
Broad Twitter are used as the target domain data set, Glove 100-dim [37] is used for
initialization to obtain the feature representation of word vector. When BioNLP13PC and
BioNLP13CG are the target fields, PubMed 200-dim is used to initialize the word vector.
The char vector adopts the form of random initialization, it extracts the character feature
representation through the convolutional neural network, and finally splices the obtained
word feature representation and character feature representation to get the final feature
representation.

Based on the CrossNER data set, the parameters on five English data sets are ini-
tially set. After parameter adjustment, it is found that when the same parameters are used
in most fields, the performance of MSKE-CDNER is better, which proves that the model
has strong robustness. At the same time, the model performance is further improved when
the model parameters in some domains are fine-tuned with changes in the target domain
data set. For example, in the Music domain, the optimizer uses the SGD algorithm, the
learning rate is set to 0.003, the learning rate decay is set to 0.03, the batch size is 32, the
hidden state dimension is 250, and the hidden variable dimension is 200, and the dropout
is set to 0.5 to prevent overfitting. In the experiments, Glove100-dim is used for initializa-
tion to obtain the feature representation of word vector, and BERT optimizes the feature
representation of word vector obtained. The character vector is randomly initialized, the
character feature representation is extracted by convolutional neural network, and the ob-
tained word feature representation and character feature representation are spliced as the
final feature representation.

In particular, during the experimental training of five English data sets, the end of a
batch is marked when the end signal of the target domain is obtained. The read operation
of the source domain data is not reset at the end of the batch; it continues to load the data
until it reaches the end symbol of the source domain data. When performing experiments
on the CrossNER dataset, the end of a batch is replaced by an end symbol that reads into
both the source domain and the target domain data.

4.3. Evaluation Index

This paper adopts the evaluation index consistent with reference [38], which holds that the
prediction is accurate only when the entity types and boundaries are correctly identified.
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Precision (P), Recall (R) and F1 values are used to calculate the final score, which is
calculated as follows:

P =
TP

TP + FP
. (28)

R =
TP

TP + FN
. (29)

F1 =
2PR

P +R
. (30)

TP indicates the number of correctly identified entities, FP indicates the number of
incorrectly identified entities, and FN indicates the number of unidentified entities.

4.4. Comparison Model

In order to verify the effect of the proposed method on cross-domain NER, comparative
experiments with relevant models are conducted on different data sets.

1. BILSTM-CRF. BILSTM-CRF [39] combines two-way LSTM and conditional ran-
dom fields for named entity recognition, combines source domain data with target
domain data, and trains the model together.

2. Coach. Liu et al. [40] proposed a framework Coach with NER domain adaptation,
which divided tasks into two stages, first detecting entities and then classifying enti-
ties to solve the problem of data scarcity in specific domains.

3. MULTI-TASK+PGN. Jia et al. [41] integrated language model tasks in the source
domain and target domain to perform cross-domain knowledge transfer, thus solving
the problem that the model could not be trained in an unsupervised environment.

4. MULTI-TASK+GRAD. Zhou et al. [42] proposed a new transmission method to in-
tegrate features under high and low resources through adversarial transmission net-
works, and introduced generalized resource adversarial discriminator to improve the
generalization ability of the model.

5. MULTI-CELL+LSTM. Jia et al. [43] proposed a structure based on Bert representa-
tion, which was modeled for different entity types respectively and carried out cross-
domain knowledge transfer at the entity level to solve the problem of different mean-
ings of entities in different fields.

4.5. Experimental Result

The proposed method is compared with other relevant methods in five English data sets
and CrossNER data sets, and the results are shown in Table 3 and Table 4. Overall, the
proposed method achieves good results in different data sets.

As shown in Table 3, compared with BILSTM-CRF, F1 value with Coach method
on Conll03 data, T, CG increases by 2.37%, 0.86%, 1.82% respectively. It shows that
multi-task architecture can improve entity recognition capability in CD-NER. Compared
with Coach, the F1 value of MULTI-TASK+PGN, MULTI-TASK+GRAD and MULTI-
CELL+LSTM on CG increases by 0.11%, 0.57% and 0.95% respectively. It is suggested
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Table 3. F1 value on English dataset/%

Method Conll03 T BT PC CG

BILSTM-CRF 77.29 73.09 82.14 76.47 79.35
Coach 79.66 73.95 83.20 77.84 81.17
MULTI-TASK+PGN 80.18 73.81 85.65 79.97 81.28
MULTI-TASK+GRAD 79.83 74.23 85.91 80.23 81.74
MULTI-CELL+LSTM 80.97 74.94 86.37 80.85 82.12
Proposed 81.09 74.56 86.72 82.01 83.04

that fully learning and use of domain invariant knowledge between features can alleviate
the problem of poor model effect caused by lack of data resources. Compared with the cur-
rent popular model MULTI-CELL+LSTM, the F1 value on CG is increased by 0.92%, in-
dicating that structured semantic knowledge can promote cross-domain knowledge trans-
fer and alleviate the problem of entity ambiguity. Among them, the Broad Twitter do-
main model is not effective, considering that Broad Twitter belongs to the news domain,
Conl103 also belongs to the news domain, and there is little difference between fields.
When cross-domain alignment is carried out, the constraint between graph matching and
domain migration is poor, resulting in poor migration effect. In the BT group of exper-
iments, BioNLP13PC belongs to the medical field, and the data between Conll03 and
BioNLP13PC are quite different. Graph matching is a good constraint for cross-domain
migration. The experimental comparison shows that the greater difference between do-
mains shows the better model transfer effect, which also shows that structured information
in semantic features can promote cross-domain knowledge transfer. The greater domain
difference denotes the stronger constraining effect of structured knowledge and the better
transfer effect. However, the existing research methods lack the mining and utilization of
this kind of information. The multi-level structure transfer method in this paper can use
structured information to enhance the cross-domain transfer ability of the model.

Table 4. F1 value on CrossNER dataset/%

Method Politics Science Music Literature AI Average

BILSTM-CRF 56.71 50.08 44.90 43.14 43.67 47.70
Coach 61.61 52.20 51.77 48.46 45.26 51.86
MULTI-TASK+PGN 68.55 64.42 63.67 59.70 53.81 62.03
MULTI-CELL+LSTM 70.67 66.53 70.63 67.07 58.39 66.66
Proposed 71.36 67.13 73.18 67.98 61.00 68.13

The results are shown in Table 4. Compared with BILSTM-CRF, the F1 value of
MULTI-CELL+LSTM in five different fields has been improved, and the average F1 value
has increased by 18.96%. Since BILSTM-CRF is a single-task model, it cannot make
good use of the cross-domain invariant knowledge in the source domain, while MULTI-
CELL+LSTM builds a network based on the multi-task architecture and can make full use
of the cross-domain invariant knowledge in the source domain. Therefore, the multi-task
learning paradigm is adopted as the basic framework when constructing the method in
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this paper. Compared with MULTI-CELL+LSTM, the F1 value of the proposed method
is significantly improved in five different fields. Among them, F1 value has increased
by 0.69% in Politics, 0.60% in Science, 2.55% in Music, 0.91% in Literature, 2.61%
in AI, and 1.47% in F1 average value. Since MULTI-CELL+LSTM only considers the
feature information at the entity level, ignoring the structured knowledge in the feature
information, the proposed method can effectively utilize the structured knowledge in the
feature information, thus achieving better performance.

4.6. Ablation Experiment

In order to verify the effectiveness of the multi-level structured alignment mechanism, ab-
lation experiments are conducted in the CG group, and the comparative results obtained
are shown in Table 5. It can be seen that the three modules in the mechanism are help-
ful to the improvement of entity recognition performance. X represents the comparison
difference of F1 values after different ablation methods.

Table 5. Ablation experiments on CG data set/%

Method P R F1 X

Proposed 83.91 82.19 83.04 none
δ1 83.85 81.26 82.67 0.37
δ2 83.90 81.79 82.83 0.21
δ3 83.36 81.98 82.53 0.51

In Table 5, δ1 represents the result obtained when the boundary detection module
is eliminated, P decreases by 0.06%, R decreases by 0.93%, and F1 value decreases by
0.37%. Among them, R is decreased the most in the three ablation experiments, indicating
that learning common boundary information can help the model correctly identify entity
types and improve the performance of the model. Adding this module can improve the
effect of cross-domain named entity recognition. Similarly, δ2 represents the experimen-
tal results of the elimination of latent layer alignment module, P decreases by 0.01%, R
decreased by 0.4%, and F1 value decreases by 0.21%, indicating that the common knowl-
edge in the migration source domain and the target domain can promote the cross-domain
migration of entity recognition ability. δ3 represents the result of removing the structured
alignment module, P decreases by 0.55%, R decreases by 0.21%, and F1 value decreases
by 0.51%. F1 value is decreased the most in the three ablation experiments, because the
structured alignment module acquires structured knowledge while obtaining feature rep-
resentation. During the migration, structured information can significantly improve the
entity recognition performance of the target domain due to its cross-domain stability.

4.7. Significant Difference Test

The significance test is conducted in the CG experiment, and the results are shown in
Table 6. The P value in the table is Prob > F , and when P < 0.05, it indicates that
there is a significant difference between PC and CG. In Table 6, P = 0.0278 indicates
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that there are significant differences between the methods in this paper. F is the statistic
of the test; P is the P value used for testing.

Table 6. Analysis of variance on PC → CG dataset

Source Quadratic sum Degree of freedom Mean square error F P

Group 1.0087 1 1.0087 11.45 0.0278
Error 0.35254 4 0.08814
Total 1.36115 5

4.8. Fine-grained Analysis

Table 7 shows the fine-grained experimental results of the proposed method in CG exper-
iments. The P, R and F1 values of the relevant entities are recorded in Table 7. Because
there are many types of entities in the relevant data set, for the sake of discussion, the
entity types are randomly selected for example. Compared with the current cross-domain
models, F1 values of all models are improved, and the overall F1 value is increased by
nearly 0.92%, which confirms the effectiveness of the proposed method.

Table 7. Fine-grained analysis on CG data set/%

Entity Type P R F1

Cell component 82.69 81.78 82.23
Multi-organization structure 77.29 76.02 76.65
Biology 87.45 80.03 83.58
Simple chemistry 81.16 74.25 77.55
Organization 65.31 80.54 72.13

In order to clearly compare the method presented in this paper to obtain better results
at the entity type level, it is compared with the original model for fine-grained analysis
in different types of entities, and the results are shown in Table 8. Under the same en-
tity type, the results of the proposed method are significantly better than the other two
methods, which is due to the fact that the structured knowledge inside the entity effec-
tively alleviates the problem of entity ambiguity in different domains when carrying out
cross-domain migration.

5. Conclusion

This paper proposes an English text named entity recognition model based on character-
level feature adaptive network. The model uses CNN to extract local features of word
character sequences, and BiLSTM to extract sequential features of word sequences. In
the process of model training, different weights are dynamically assigned to the two
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Table 8. Comparison of fine-grained F1 values between different models/%

Entity Type Baseline MULTI-CELL+LSTM Proposed

Cell component 78.81 79.67 82.23
Multi-organization structure 75.45 75.15 76.65
Biology 81.21 81.52 83.58
Simple chemistry 76.23 73.57 77.55
Organization 70.14 70.45 72.13

character-level features, which further strengthens important character-level features, weak-
ens unimportant character-level features, and makes full use of information in character
granularity. After the combined character-level features are obtained, the part-of-speech
information and block analysis features are used as additional features to assist the model
to judge the entity boundary, which further improves the performance of the model. Ex-
periments are carried out on five English datasets and CrossNER datasets, and compared
with current cross-domain methods, the results show that the proposed method achieves
better results in cross-domain tasks, indicating that learning and using structured knowl-
edge can better promote cross-domain knowledge transfer. In future work, we will better
decouple domain invariant knowledge and domain specific knowledge to obtain better
feature representation.
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Abstract. The Portuguese man-of-war (Physalia physalis), though beautiful, poses
a risk to the population due to its potential to cause severe burns. Tracking their
occurrences can prevent accidents through alerts to the population and predictive
simulation models. However, traditional sources do not always provide records of
their sightings. On the other hand, previous studies indicate that social media can
be an effective source of information for conservation science. This work uses nat-
ural language processing and computer vision to obtain machine learning models
to classify data extracted from Instagram. Such models can be used as part of an
automated Extract-Transform-Load process to build a database on occurrences of
Physalia physalis on the Brazilian coast. In preparation for training the models,
we collected and manually labeled Instagram posts in order to distinguish the ones
about the animal from other subjects, such as ships and tattoos. Given the nature
of the problem, the spatial and temporal information associated with the sightings
are essential for biologists. Thus, the absence or nonvalidity of such data is often
used as a rationale to reject the post. However, the same criteria may not be suitable
for training machine learning models to classify new posts automatically. The main
goal of this article is to highlight the importance of choosing appropriate labels to
train both text and image models, as well as to take into consideration the rejec-
tion criteria of the biologist before using a classification model. An experimental
study is presented to show the effect of unquestioning adoption of labels given by a
specialist, compared to labels adapted for machine learning training.

Keywords: Physalia physalis, dataset construction, labeling, machine learning.

1. Introduction

Portuguese man-of-war (cnidarian Physalia physalis) are multicellular organisms whose
tentacles have stinging cells that can release harmful toxins. They often appear along the
Brazilian coast, and due to their beautiful colors, people tend to touch them. As a result,
there are many cases of envenomation, which may lead to severe injuries [6].

⋆ This work is an extended version of the conference paper [26]
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Although it is mandatory to be reported, SINAN (the Brazilian injury reporting sys-
tem) lacks specific indications for Physalia physalis poisoning. Moreover, evidence sug-
gests significant underreporting of cases [6]. The limited information about these animals
in official public databases lead researchers to look for alternative sources of information.

One such alternative is to use involuntary data from social media. This approach,
called passive citizen science, consists of using data generated by non-professionals, col-
lected and shared on the Internet, mainly on social media [12].

Among the advantages resulting from using social media data are [12]: abundant and
almost always public content; less labor intensive, less time consuming, and with lower
cost, especially if automated, compared to traditional methods; data available almost in
real-time and continuously; and data acquisition with wide geographic scope [22]. In
addition, the use of information technology tools, such as machine learning, makes it
possible to explore the potential of social media data and turn it into useful information.

In the Caravela project [23], approved by the Federal University of Paraná ethics
committee, one of the specific goals is to compile data extracted from social media about
occurrences of Physalia physalis on the Brazilian coast. This process was performed man-
ually [24] and the results showed that the posts collected from Instagram represented 60%
of the entire dataset, which included other sources such as newspapers (7%), iNaturalist3

(19%), reports in the literature (8%), and personal observations (6%). The goal of the
study was to determine the effectiveness of Instagram as a data source for spatial and
temporal information of their sightings, as well as obtain the number, size and types of
interactions with other species and human beings.

In this article, we report on the annotation process to show the importance of properly
designing the labels that will be associated with each entry, in order to prepare the dataset
for training machine learning models. The labeling process is required to distinguish be-
tween posts that are legitimate sightings of the species from others, such as tattoos and
Portuguese boats.

It has been a rich real-world application experience. It contrasts with other machine
learning works that consider benchmark datasets for which labels were already given. The
design of the resulting labels involved a close interaction between a computer scientist
and an oceanographer, with discussions of the requirements for the end user and for the
training process to automate the classification task. Such a classifier can later be inserted
into a search, classification and data storage system, which can continuously monitor the
species.

During the annotation process, the oceanographer adopted some criteria for accepting
a post as a legitimate occurrence, which included the requirement that its location is on the
Brazilian coast. However, for the computer scientist, the spatial information may not be
important for a model that classifies posts based only on their text and/or image. More than
that, the dataset annotated by the specialist may introduce noise for training these models.
To this end, the experiments presented in this article show that models trained with the
adapted labels perform better than models trained with the labels originally given by the
oceanographer. This work is an extended version of a conference paper [26]. The exten-
sion includes experiments with two adapted labels instead of only one, as presented in
the original work. In the textual analyses, we added experiments with multilingual BERT,
as a classifier and also as a feature extractor to feed a Logistic Regression model. In all

3 https://www.inaturalist.org/
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experiments, we used class weighting to deal with imbalanced data and cross-validation.
In the original paper, we used these techniques only in textual analyses.

Moreover, considering that in the future the trained model could be used to develop
a system to continuously extract posts from Instagram and automatically classify them
as legitimate occurrences of Physalia physalis, we considered two different flows of this
process. In the first one, all the collected posts are given as input to the trained model.
In the second, posts that do not meet the spatial requirement are filtered out before being
evaluated by the classifier. The latter closely resembles what is expected to be adopted
in the real production chain. Our experiments show that it improves all metrics of the
classifier compared to the former approach.

In summary, the contributions of the article are threefold:

– Show the importance of the knowledge on the part of the computer scientist of which
criteria were used to label the data: our experiments show that adapting labels can
produce better classification models;

– Compare the effect of the adapted labels on different modals (text and image), in the
context of conservation science and social media data;

– Determine the performance of the classifier adopting two different flows of tasks:
with and without prior filtering of posts based on the spatial criteria.

The rest of the article is organized as follows. Section 2 presents some related works
that apply machine learning on data extracted from social media. The Physalia physalis
dataset construction is described in Section 3, followed by details on the annotation pro-
cess in Section 4. Experiments with adapted labels are presented in Section 5, while ex-
periments simulating the production flow are presented in Section 6. Section 7 concludes
the article by presenting some future works.

2. Related Work

Several works highlight the advantages and possibilities of using involuntary data, such
as those available on social media, for tasks related to conservation science [12, 22]. In
addition, there are some studies that apply machine learning to detect aspects of the envi-
ronment, such as estimating the number of animals of a given species [14] and classifying
land cover [13]. One can also find studies using Instagram to monitor other marine species
[29, 19], but without the use of automated tools.

However, as already noted in other studies [15, 11], there are few works that applied
machine learning to involuntary data for wildlife classification tasks. In particular, when
searching for works that applied Natural Language Processing (NLP), it was not possible
to find works that used texts in Portuguese extracted from Instagram to identify wildlife. In
this Section, we report 6 works related to conservation science that used machine learning
for wildlife classification tasks using involuntary data.

Mazars-Simon [20] developed a system that searches, classifies, identifies, and stores
data on sea turtles. He used a dataset with 22,500 images, divided into six categories,
which were shared by conservationists for the project. The author did not explain how the
categories were defined.
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In [18], the authors used 5,464 texts extracted from Google News and Twitter4 to train
a classifier to identify news about endangered species. They created the dataset automat-
ically considering all data extracted from Twitter as positive and the data extracted from
Google News as negative.

Another work [11] experimented with different combinations of representation tech-
niques and machine learning algorithms to identify wildlife observations in Twitter texts.
A dataset with 2,798 tweets was used. In their work, they described the collection and
labeling process.

Convolutional neural networks to identify Physalia physalis in images extracted from
Instagram were reported in [5]. A dataset with 12,300 images was used. Part of the train-
ing images were obtained from Instagram and labeled by an expert, and part was down-
loaded through search engines and specialized websites.

Cardoso et al. [4] investigated whether pre-trained and freely available deep learning
models could support the identification of potential wildlife trade on online platforms. To
train the models they collected 2.634 images of pangolins from iNaturalist, Flickr5 and
Google images. In their work, they described the collection and labeling process.

In [17], the authors implemented and evaluated a hierarchical text classification pipeline
aiming to investigate the utility of machine learning in automating online analyses of
wildlife exploitation. To evaluate the proposed pipeline they collected data on bats (Chi-
roptera) from Facebook6, Twitter, Google, and Bing search engines. After filtering and
deduplication they had a dataset of 413,937 unique social media posts and 104,279 web
articles. The authors described the collection and labeling process.

Although the works listed in this section bear some resemblance to the problem stud-
ied in this article, only one of the models obtained by the authors can be used in the
classification problem presented here [5]. The others have characteristics and objectives
different from the problem addressed in this article. In [20] the goal is to classify im-
ages of turtles. In [18] the objective is to classify news as news about endangered species
or not, which does not include the Physalia physalis. In addition to the text used in the
training being in English, the characteristics of the text itself, in this case, news (usually
long and formal texts), are different from the characteristics of social media texts (usu-
ally short and informal texts). In [11] the goal is to classify Twitter texts as being or not
about wildlife observations. Furthermore, the authors used only texts in English to train
the models, and there were no texts on our species of interest in their training database.
In the work of [4] the goal was to investigate the use of deep learning to identify animal
trade using pangolin images as a test case. Although the species of interest is different
from ours, this work reinforces that the use of deep learning to identify species in data ex-
tracted from social media can present good results. In [17], the author proposed a pipeline
for text classification using text on bats as a test case. In addition, the text used in the
experiments was in English. In summary, as the main differentiator compared to works
that propose to identify wildlife in social media data, we trained models with the caption
of the posts and also with one of the images of the post. Moreover, none of these works
focus on the impact of choosing appropriate labels for training a machine learning model

4 Twitter is a social network and microblogging service. In July 2023, Twitter was renamed X, however, in this
article we will use the original name: Twitter.

5 https://www.flickr.com/
6 https://www.facebook.com/
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or compare the direct use of the dataset with adaptations that could increase the model
performance. In the case of [5], the goal is to classify images of the species. In fact, we
used the best architecture reported by the authors in our experiments (Sections 5 and 6).

3. Dataset Construction

This section describes how the data used to train the machine learning models proposed
in this work were collected and labeled. It is important to recall that our research interest
is in occurrences of Physalia physalis on the Brazilian coast. Therefore, the construction
of the dataset followed this premise.

In this work, we used data extracted from Instagram. Instagram is a social network
developed by Meta. Among its features is the sharing of media (i.e., photos and videos).
Users can upload up to 10 media in a single post. They can also write a caption for the
post and add its location. In addition, users can add hashtags to the caption. A hashtag can
be written with text, emojis, and numbers. Spaces and special characters will not work.
Figure 1 shows an example of an Instagram post about a Portuguese man-of-war.

Fig. 1. Example of an Instagram post about a Portuguese man-of-war. Source: Instagram

Instagram posts have some characteristics that should be considered:

– A post can have one or more images or videos. It is common to find posts with differ-
ent media, for example: a picture of a Physalia physalis, a video showing the waves,
and a picture of trash, all in the same post;

– As Instagram is an image-focused platform, posts do not always have caption;
– Although it is possible for the user to add location metadata to the post, it is not

mandatory and sometimes the location of the occurrence is informed in the caption
or comments of the post;

– There are linguistic variations in the caption. While some posts show the correct use
of grammar rules, social media text is informal in nature, with many grammatical
errors, slang, abbreviations, neologisms, internet jargon, and language mixture. Also,
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Fig. 2. Screenshot of the #caravelaportugesa page. Source: Instagram

some posts are formed almost exclusively by hashtags and emojis. Furthermore, the
use of compound hashtags (e.g., #caravelaportuguesa, #goprobrasil) generates words
that do not exist in the lexicon.

When a user has a public account and adds hashtags to a post, the post will be visi-
ble on the corresponding Hashtag Page. A Hashtag Page shows a Top section where the
most popular posts tagged with the hashtag appear. The page also shows a Recent section,
containing the most recent posts tagged with the hashtag. In this section, the posts appear
in the order in which they were posted. Figure 2 shows a screenshot of the page #car-
avelaportugesa. It is important to know that each hashtag is unique: #cnidario is different
from #cnidarios, #aguaviva is different from #águaviva, and so on. This means that one
should not expect to find posts that have the hashtag #cnidarios in the #cnidario page, for
example.

The first option considered to obtain Instagram data was the use of Instagram’s API.
However, this API does not return location metadata. So we chose to use the Instaloader
library7. This library uses scraping to get data from Hashtag Pages and returns data in
.json format. More details on the data extraction process were published in [3]. The data
of interest for our research are the caption of the post, media, posting date (timestamp),
and location (latitude, longitude, city, location name, and country). We did not collect data
on users’ profiles. Figure 3 illustrates the data of interest for this research.

We chose to use the data obtained through the following hashtags: #aguaviva, #car-
avelaportuguesa, #cnidarios, #cnidários, #cnidario, #cnidário and #physaliaphysalis.

The #aguaviva was chosen because it is a generic term sometimes used in posts
about Physalia physalis. The search result for this hashtag returned about 151,000 posts,
which include, in addition to Physalia physalis, tattoos, people, clothes, other cnidari-
ans, among other things. The #caravelaportuguesa was chosen because it is the popu-
lar name of Physalia physalis in the Portuguese language and thus more assertive than

7 https://github.com/instaloader/instaloader
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Fig. 3. Illustration the data of interest for this research. In green is the caption of the post, pink is
for media, blue is for posting date, and red is for location. Source: adapted from Instagram

#aguaviva. The result of the search for this hashtag returned around 3,300 posts, which
included, in addition to Physalia physalis, boats, handicrafts, tattoos, clothes, among other
things. The #physaliaphysalis, which is the scientific name of the species, was chosen be-
cause it has a high potential to obtain positive posts about Physalia physalis. A search
for this hashtag returned around 2,500 posts. Cnidaria is the name of the phylum to
which Physalia physalis belongs. Thus the hashtag #cnidarios, and some variations like
#cnidário, #cnidario and #cnidários, were chosen because they are common names of this
phylum in the Portuguese language and for being terms with medium potential to return
positive posts about Physalia physalis. A search for #cnidarios returned around 3,400
posts which include Physalia physalis as well as other cnidarians such as Velella velella
and medusa. All searches were performed on August 27, 2022. In total, we collected 6,204
posts dated between 2012 and 2021.

After downloading, the data were saved in spreadsheets to facilitate the annotation
process. All data collected were stored in a password-protected file system. For posts
that had geolocation (that is, latitude and longitude), the BigDataCloud API8 was used to
obtain additional location data (that is, city, location name, state, country). This data was
used as a complement to existing location metadata.

Data were also enriched by identifying the caption language using the Langdetect
library9. This library has a function that returns a vector indicating which languages were
detected in the text along with the probability of the text being written in the language in
question. The Portuguese language was assigned to the post whenever it appeared with
some probability, even if small. As previously mentioned, among the characteristics of
the data extracted from Instagram are the existence of posts using words from more than
one language, in addition to the use of compound hashtags that generate words that do not
exist in the lexicon. These characteristics make the task of assigning the language for the

8 https://www.bigdatacloud.com/
9 https://github.com/Mimino666/langdetect



1894 Rocha et al.

Table 1. Caption instances that the library did not detect the Portuguese language

Caption Languages and Probabilities

Sou imortal! Catalan 99%
#aguaviva Por USER #nemdói TELEFONE para orçamentos
#tattoo #inked #inkwork #inkworld #inklife #inkedgirls #tatua-
gens #art #blackwork #sketch #brunotattoo #omegainkstudio

English 42%, Swedish 28%
and Afrikaans 28%

caption difficult. For this reason, the language assigned by the library was reviewed by the
computer scientist, with the goal of identifying the presence of terms used in Portuguese
that could characterize the caption as written by a speaker of that language. After the
review, the number of posts considered in Portuguese increased from 3,440 (according to
the library) to 3,849 (after the review).

Table 1 shows 2 caption instances in which the library did not detect the Portuguese
language. Figure 4 shows a screenshot of the spreadsheet created with the downloaded
and enriched data.

Fig. 4. Screenshot of a spreadsheet created with the downloaded and enriched data

4. Data Annotation

The data collected were manually annotated by a computer scientist and an oceanogra-
pher. However, the purpose of the annotation differed for each person. The oceanographer
was interested in determining the effectiveness of Instagram in providing temporal and
spatial information of sightings on the Brazilian coast. On the other hand, the computer
scientist was interested in generating an annotated dataset for training a machine learn-
ing model in order to automatically classify new Instagram posts, and thus continually
monitor the species.

This distinction resulted in a large number of posts classified as legitimate occurrences
of the species by one annotator and negative by the other.

The oceanographer used the following criteria to accept a post as a legitimate occur-
rence of Physalia physalis. It had to satisfy three conditions:
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– Taxonomic identification: a media that clearly shows a Physalia physalis;
– Spatial information: a location on the Brazilian coast;
– Temporal information: include a timestamp associated with the post.

For the computer scientist, on the other hand, the lack of spatial and/or temporal in-
formation may not be important for a model that classifies posts based on their text and/or
media. Thus, the dataset annotated by the specialist can include noise for training machine
learning models.

Figure 5 illustrates the problem. Two posts extracted from Instagram are displayed.
Both have an image of Physalia physalis, but post A does not have spatial information,
while post B does. Following the expert’s criteria, only post B is accepted as a legitimate
occurrence of Physalia physalis on the Brazilian coast, while post A is rejected.

Fig. 5. Illustration of the problem with using the original label. Both posts have an image of Physalia
physalis, but post A does not have spatial information, while post B does. Following the expert’s
criteria, only post B is accepted as a legitimate occurrence of Physalia physalis on the Brazilian
coast, while post A is rejected. Source: adapted from Instagram

To overcome this problem, we decided to adapt the labels, accepting posts that were
rejected because of spatial information. However, before assigning a binary label to the
entire post, we needed to annotate their taxonomic and spatial information. These new
labels weren’t given by the oceanographer but were given by the computer scientist with
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machine learning in mind. This annotation helped us reach a consensus on the binary la-
bels, solve doubts and ambiguities, increase transparency, and promote the reproducibility
of the annotation process.

These taxonomic and spatial classes allowed the adaptation of the binary label in
order to reduce noise and generate better classification models, as reported in experiments
comparing original and adapted labels (Section 5). In addition, they make it possible to
carry out other experiments and studies using the enriched data. As an example, they can
be used to train a model to identify accidents with Physalia physalis using the taxonomic
information.

Spatial Criterion For the spatial criterion, we evaluated whether the post contained spa-
tial information, and in particular, if the location was on the Brazilian coast. Note that a
post may have several metadata about location: latitude, longitude, city, location name,
and country. In addition, we enriched the metadata using latitude and longitude as we de-
scribed in Section 3, and sometimes the user informed the location in the caption. There
may be a difference between the location obtained by latitude and longitude and the lo-
cation informed by the user on the metadata (city, location name, and country) or in the
caption. The reason for this is that the user can post while being in one location, but
referring to something that happened in another location.

Therefore, for the evaluation of spatial information, the following order of precedence
was considered: first, the data contained in the caption, second the data from the metadata:
city, location name, and country, and lastly location obtained by latitude and longitude. It
should be noted that the word or hashtag portugal alone was not used as location infor-
mation, as it often appears as a reference to Portuguese culture, such as the post that talks
about a visit to the Museu Paranaense10. It says: “Navegar é preciso #caravelaportuguesa
#portugal #brasil #museuparanaense”11. Also, just the state (e.g., #bahia, Ceará), #beach
or names of very common beaches (e.g., Praia Grande) were not used alone to determine
the location.

The spatial information was classified as follows:

– COAST-TEXT: The caption contains some information that allows identifying the lo-
cation as being on the Brazilian coast (even if there is metadata indicating otherwise).

– COAST-GEO: The post has metadata that allows identifying the location as being on
the Brazilian coast.

– COUNTRYSIDE-TEXT: The caption contains some information that indicates that
the post did not take place on the Brazilian coast, but still the location is in Brazil.

– COUNTRYSIDE-GEO: The post has metadata indicating that the post did not take
place on the Brazilian coast, but still the location is in Brazil.

– FOREIGNER: The post has information in the caption or metadata that indicates that
the post did not take place in Brazil.

– NOTHING: There is no information that allows the post location to be identified.

In some cases the location has been identified as being in a coastal city, but it is clear
that it is not on the beach, as in the examples: “Aquário Marinho do Rio de Janeiro” and

10 Museu Paranaense is a museum located in the Brazilian city of Curitiba
11 Translated as: ”Sailing is necessary #caravelaportuguesa #portugal #brasil #museuparanaense”



Identifying Occurrences of the Cnidarian... 1897

“Centro Acadêmico de Vitória - CAV - UFPE”12. These posts are classified as
COUNTRYSIDE-TEXT when the information is part of the caption and as
COUNTRYSIDE-GEO when the information is part of the metadata.

Taxonomic Criterion For the taxonomic criterion, we evaluated the media of the posts,
especially if the images are photos of Physalia physalis. However, the existence of a
Physalia physalis picture does not always mean the post will be accepted as a legitimate
occurrence. It is important to recall that a single post can have up to 10 media, so each
media can have a different classification. The media of the posts were classified as follows.

– REALISTIC: The media is a realistic picture of Physalia physalis, either on the beach
sand or in the sea. In addition, when a post contains several images, they appear to be
from the same occurrence.

– CLOSE: The media is a realistic picture of Physalia physalis, but it is a close-up
image, showing only parts of Physalia physalis.

– DISPLACED: The media is a realistic picture of Physalia physalis, but displaced
from its habitat. For example, it is in an aquarium or inside a plastic bag.

– EDITED: The media is a realistic picture of Physalia physalis but with minor edits
such as the inclusion of authorship, text, or frame, but that do not disturb the visual-
ization of Physalia physalis.

– COLLECTION: The images in the post are a collection of images from Physalia
physalis, but it is possible to notice that they are not from the same occurrence and
are possibly images taken from the internet.

– ART: The image is a realistic representation of Physalia physalis, such as: composi-
tions, drawings, tattoos. It could be a realistic image of Physalia physalis with edits
that reveal this is not a sighting of the species.

– ACCIDENT: The media is a picture of a body part “burned” by a Physalia physalis.
– CNIDARIA: The media is a picture of another cnidarian, for example: Velella velella.
– VIDEO: The media is a video and therefore was not evaluated for this criterion.
– NOTHING: The media cannot be sorted in any other way described above.

Binary Label Based on the spatial and taxonomic annotations, the posts were labeled as
ACCEPTED or REJECTED as legitimate occurrences of Physalia physalis on the Brazil-
ian coast. For Instagram posts, the temporal criterion is always satisfied, because every
post has an associated timestamp. The given label is also associated with a justification as
described next.

To be accepted as a legitimate occurrence of Physalia physalis on the Brazilian coast,
the post must meet taxonomic and spatial criteria. It means that: the post must have at
least one image classified as REALISTIC, COLLECTION, EDITED, DISPLACED, or
CLOSE (even if the post has other media that do not fit these five classes), and have the
spatial information classified as COAST-GEO or COAST-TEXT.

One post that does not meet one or more criteria is considered rejected as a legitimate
occurrence of Physalia physalis on the Brazilian coast. The rejection can be justified as:

12 Translated as: ”Marine Aquarium of Rio de Janeiro” and ”Vitoria Academic Center - CAV - Federal Univer-
sity of Pernambuco”
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– BECAUSE OF THE MEDIA: The post has spatial information classified as COAST-
GEO or COAST-TEXT, but no media were classified as REALISTIC, COLLEC-
TION, EDITED, DISPLACED, or CLOSE.

– BECAUSE OF THE LOCATION: The post has at least one media classified as RE-
ALISTIC, COLLECTION, EDITED, DISPLACED, or CLOSE, but the spatial infor-
mation is classified as COUNTRYSIDE-TEXT, COUNTRYSIDE-GEO, FOREIGNER
or NOTHING.

– BECAUSE OF THE MEDIA AND LOCATION: The post does not meet both criteria.

4.1. Distribution by Label

Table 2 shows the number of accepted and rejected posts per hashtag. To simplify the
analysis, we combined all the data from the hashtags: #cnidario, #cnidarios, #cnidario
and #cnidarios. So from now on, when we write #cnidario, we are considering all posts
with these hashtags.

In general, the number of positive posts for the occurrence of Physalia physalis on the
Brazilian coast was small, mainly for the hashtags: #aguaviva, #cnidarios, and #physali-
aphysalis. We expected to find more positive posts in the search for #physaliaphysalis,
but only 8% of the collected posts were accepted as legitimate occurrences of Physalia
physalis for this hashtag. Despite the small number of positive occurrences found with
#aguaviva (1%), the period surveyed was also the shortest (175 days), which makes room
to invest more effort in the search for the species in posts that have this hashtag. The
search for occurrences using the hashtag #caravelaportuguesa had the best result, with
422 posts accepted by the specialist.

The table also shows that the number of rejected posts is much larger than the number
of accepted ones.

Table 2. Number of posts per Hashtag and Label. The percentage is based on the number of posts
by hashtag

Hashtag Label No. Posts %

#aguaviva
ACCEPTED 23 1%
REJECTED 1,657 99%

#caravelaportuguesa
ACCEPTED 422 24%
REJECTED 1,364 76%

#cnidario
ACCEPTED 77 3%
REJECTED 2,472 97%

#physaliaphysalis
ACCEPTED 15 8%
REJECTED 174 92%

5. Experiments with Adapted Labels

As discussed earlier, posts rejected because of location may represent noise for training
machine learning models. In this section, we investigate whether there is any impact on
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the trained model if we consider as accepted posts rejected because of spatial information.
We performed experiments with the caption and one of the images of the posts and built
three annotated datasets:

– original: the one annotated with the oceanographer criteria.
– adapted-lack-location: considers as ACCEPTED posts rejected only for lack

of spatial information (i.e., spatial information equals NOTHING).
– adapted-not-in-coast: considers as ACCEPTED posts rejected because of

spatial information (i.e., spatial information equals NOTHING, COUNTRYSIDE-
TEXT, COUNTRYSIDE-GEO OR FOREIGNER).

For the training, validation, and testing of the machine learning models we first filtered
the dataset as follows. We deleted posts that have the following characteristics: empty text
(12 posts); duplicate posts identified by having the same ID (164 posts); location outside
Brazil (1,991 posts); and with video only (643 posts). The latter refers to posts that do not
have images, but just videos. We removed them because we chose to do standard image
classification. Moreover, we kept posts identified as Portuguese language and those with
only emojis in the caption because emojis can be translated into Portuguese. After apply-
ing the filters, 2,610 posts remained in the dataset, which were used in the experiments
described next. Table 3 shows the number of remaining posts in the original and adapted
datasets.

Table 3. Number of remaining posts per Label

Label
original adapted-lack-location adapted-not-in-coast

No. Posts % No. Posts % No. Posts %

ACCEPTED 470 18% 648 25% 658 25%
REJECTED 2,140 82% 1,962 75% 1,952 75%

Table 4 shows the number of rejected posts per reason for rejection. There were 188
posts rejected because of location, that were considered accepted in the adapted datasets.

Table 4. Number of remaining rejected posts per reason for rejection

Reason for Rejection No. Posts

LOCATION 188
MEDIA AND LOCATION 1,549
MEDIA 403
TOTAL 2,140

Table 5 details these 188 posts per type of spatial information. There are 178 posts
rejected because of lack of location (NOTHING). They are considered accepted in the
adapted-lack-location dataset, resulting in 648 (470+178) accepted posts in this dataset.
There are additional 10 posts rejected because they have location information but not in
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the coast (COUNTRYSIDE-GEO and COUNTRYSIDE-TEXT). These posts are consid-
ered accepted in the adapted-not-in-coast dataset, in addition to those labeled as NOTH-
ING. Thus, the number of accepted posts in the adapted-not-in-coast dataset is 658.

Table 5. Number of remaining posts rejected because of location per type of spatial information

Spatial info. class No. Posts

NOTHING 178
COUNTRYSIDE-GEO 9
COUNTRYSIDE-TEXT 1
TOTAL 188

Comparing the original and adapted labels, the number of accepted posts in both
adapted datasets is not much bigger than in the original dataset (see Table 3). Although the
difference is small, it already affects the quality of the machine learning models obtained,
as we report in Sections 5.1 and 5.2.

To evaluate the machine learning models trained in this work, the metrics precision,
recall and F1 Score were used. They were chosen because they are indicated to evaluate
the resulting models in problems whose data are imbalanced and when there is a need to
keep the number of false positives low.

Furthermore, considering that in the future the model can be integrated into an auto-
mated ETL process of a database on occurrences of Physalia physalis on the Brazilian
coast, the ideal is to minimize the number of false positives. This prevents false posts
from being registered in the database, even with the risk that legitimate posts are dis-
carded, thus guaranteeing credibility and trust in the data included in the database. This
means that precision is an important metric for our study, and it will be considered as the
main measure to compare models.

We divided the dataset into 30% (test) and 70% (development). Then, we applied
cross-validation across 5 folds, where the development set was divided into 70% (train)
and 30% (validation). The result was a test set with 783 samples, a train set with 1279
samples, and a validation set with 548 samples. Furthermore, we used class weighting to
handle data imbalance.

The experiments were performed using Python and libraries for NLP and image clas-
sification, such as NLTK [2], Scikit-learn [25], TensorFlow [1] and Keras [7].

5.1. Textual Analysis

We trained models with the posts’ captions, using original and adapted labels. In the
experiments, we trained a classic machine learning model available in the Scikit-learn
library [25]: Logistic Regression (LR). We also considered a state-of-the-art deep learn-
ing method for NLP tasks: Multilingual BERT (mBERT) [8], which is available in the
Tensorflow Hub13. It is a pre-trained model based on the weights of the original BERT
[9], available only in the base size. It was trained in 104 languages, including Portuguese.

13 https://tfhub.dev/tensorflow/bert multi cased L-12 H-768 A-12/4
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mBERT was refined with an output layer adapted to our problem (with a sigmoid func-
tion), and a dropout layer (with 10% of probability). In addition, we unfroze the model
and retrained it with our data. We used as hyperparameters: 50 epochs with early stop-
ping based on the loss calculated in the validation set, batch size of 16, AdamW optimizer,
learning rate of 3e-5 with warmup over the first 10% steps and linear decay, and a sen-
tence length of 128 tokens, since this sentence length is the default value from the mBERT
preprocessing model14 provided by TensorFlow Hub. For other hyperparameters, we used
the same ones as used by [9].

For training with LR we kept its default parameters except the parameter class weight
which was set to ’balanced’. This option automatically adjusts the weights inversely
proportional to the class frequencies in the input data. It is a strategy to deal with im-
balanced data. As vectorization methods, TF-IDF and mBERT without fine-tuning were
used. For TF-IDF, we kept the default values of the method. By default, this method con-
verts data to lowercase, and ignores tokens less than 2 characters long, emojis, punctua-
tion, and signs, except underline. In the end, the method normalizes the resulting TF-IDF
vectors by the Euclidean norm. For mBERT, we used the pooled-output, the contextual
embedding that represents the sentence.

The results obtained for classifying posts according to their captions are presented in
Table 6.

Table 6. Results of Experiments with Posts’ Caption. Showing: Label, Precision, Recall and F1
Score with their respective standard deviation

Label
TF-IDF + LR mBERT + LR mBERT

Precision Recall F1 Precision Recall F1 Precision Recall F1

original
0.667

(0.022)
0.831

(0.040)
0.740

(0.021)
0.478

(0.033)
0.760

(0.044)
0.585

(0.015)
0.708

(0.040)
0.740

(0.080)
0.722

(0.044)
adapted-lack-

location
0.791

(0.009)
0.899

(0.027)
0.842

(0.015)
0.590

(0.020)
0.800

(0.022)
0.679

(0.019)
0.823

(0.041)
0.886

(0.046)
0.852

(0.014)
adapted-not-in-

coast
0.805

(0.024)
0.893

(0.032)
0.846

(0.026)
0.618

(0.018)
0.787

(0.036)
0.692

(0.019)
0.841

(0.052)
0.876

(0.048)
0.856

(0.022)

It is possible to observe that there was an increase in all metrics when we compare
the results of the models trained with adapted labels with the results of the models trained
with original labels.

Another point is that models trained with the label adapted-lack-location showed
a small advantage in the recall, around 1% greater than models trained with the label
adapted-not-in-coast. However, models trained with adapted-not-in-coast labels showed a
small advantage in precision compared to models trained with adapted-lack-location.

5.2. Image Analysis

We trained CNNs with the posts’ images, using original and adapted labels. As the posts
can have more than one image, we randomly selected one image per post to perform the

14 https://tfhub.dev/tensorflow/bert multi cased preprocess/3
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training. In particular, for positive posts, we selected one image that met the taxonomic
criterion.

We trained the CNNs by transferring the learning from a ResNet50 [16] pre-trained
with Imagenet [27] and adapted the last layer to our problem. We chose the same archi-
tecture described as the best model in [5].

ResNet50 was adapted by adding: an average pooling layer, a flattening layer, a fully
connected layer with ReLu, a dropout regularization layer with a percentage of 30%,
and an output layer with one neuron with sigmoid. To increase the amount of training
images, we used data augmentation. We have applied random rotation, random zoom, and
random horizontal flip of the images. Note that data augmentation is only applied to the
development set. All images have been resized to a 224x224 size. This data preparation is
actually done by the neural network, through the addition of a preprocessing layer. These
preprocesses and hyperparameters were chosen based on the work of [5]. We also used the
following hyperparameters: 50 epochs with early stopping based on the loss calculated in
the validation set, batch size of 32, and Adam optimizer with a learning rate of 0.001.

The results for classifying posts based on their images are presented in Table 7.

Table 7. Results of Experiments with Posts’ Image. Showing: Label, Precision, Recall, and F1
Score with their respective standard deviation

Label Precision Recall F1

original 0.844 (0.049) 0.938 (0.066) 0.889 (0.056)
adapted-lack-location 0.965 (0.024) 0.957 (0.059) 0.961 (0.042)
adapted-not-in-coast 0.967 (0.049) 0.986 (0.020) 0.976 (0.035)

As in the experiments with captions, the experiments with images showed that the
adapted labels produced better classification models than the original label, with the
adapted-not-in-coast label achieving a 9% F1 Score increase compared to the original
label.

5.3. Discussion

The experiments for both text and image show that the adapted labels produced better
classification models than the original labels since there was an increase of all metrics
when we compare the results of the models trained with adapted labels with the results of
the models trained with original labels.

Despite the small increase in the number of ACCEPTED posts when we adapted the
labels (18% to 25%), as presented in Table 3, the results with the adapted labels are
significantly higher than results with the original labels.

6. Simulating the Production Flow

To find out if the models are really applicable to generate a base on occurrences of
Physalia physalis in a real scenario. In this section, we trained models using the entire
development set and evaluated them on two different test sets: the full test set (as
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described at the beginning of Section 5) and a partial test set. Using this partial
test set, we intended to simulate the flow in production, in which, before being evaluated
by the model, the post is evaluated for location data. When the post meets the spatial
criteria, it is evaluated by the model. If not, it is rejected before being evaluated by the
model. In practice, we create a partial test set with the posts accepted and rejected
because of media, resulting in 257 posts. Figure 6 illustrates the production sce-
nario.

Fig. 6. Illustration of the production scenario. Before being evaluated by the model, the post is
evaluated for location data. When the post meets the spatial criteria, the post is evaluated by the
model. If not, it is rejected before being evaluated by the model. Source: the Author.

6.1. Textual Analysis

In this part of the experiments, we chose to train only mBERT, since it presented the
best precision and F1 Score when trained with adapted labels. Five training rounds with
different random states were performed. We also applied hyperparameter optimization,
where we obtained the best results with 15 epochs and a sentence length of 344. The
results are presented in Table 8.

When we observe the results presented in Table 8, it is possible to notice an increase
in all metrics when we evaluate the models by simulating the flow in production.

Error Analysis We compared the performance of the best-performing classifiers. As we
executed 5 runs for each mBERT configuration, we present here the results of the models
that achieved the best precision among the 5 runs. As we mentioned at the beginning of
Section 5, the ideal for our application is to minimize the number of false positives.
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Table 8. Results of mBERT trained with entire development set and evaluated with the partial and
full test sets. They report the mean performance over 5 runs with the standard deviation

Full Test Set Partial Test Set
Label Precision Recall F1 Precision Recall F1

adapted-lack-location
0.868

(0.012)
0.809

(0.051)
0.837

(0.024)
0.925

(0.008)
0.840

(0.050)
0.880

(0.027)

adapted-not-in-coast
0.860

(0.018)
0.858

(0.025)
0.859

(0.004)
0.926

(0.013)
0.879

(0.027)
0.902

(0.015)

In Figure 7 we present the confusion matrices achieved by the mBERT models eval-
uated with the full test set, while in Figure 8 we present the confusion matrices achieved
by the mBERT models evaluated with the partial test set.

Fig. 7. Confusion Matrices of mBERT models evaluated with the full test set. BERT ADAPTED-
LACK-LOCATION shows the confusion matrix of the model trained with adapted-lack-location
and achieved the best precision among the 5 runs, this model has an F1 Score of 81%, while BERT
ADAPTED-NOT-IN-COAST shows the confusion matrix of the model trained with adapted-not-in-
coast and achieved the best precision among the 5 runs, this model has an F1 Score of 86%. Beyond
the classifier’s errors and successes in absolute numbers, they show normalized numbers over the
predicted label (P), and normalized numbers over the true label (T)

It is possible to observe that all models have more difficulty in recognizing positive
examples. Note the normalized numbers over the true label (T), the percentage of false
negatives is greater than the percentage of false positives.

There is a decrease in false positives in BERT ADAPTED-LACK-LOCATION when
evaluated with the full test set. On the other hand, when the models are evaluated with
the partial test set, beyond the general increase of all metrics, the model trained with
ADAPTED-NOT-IN-COAST presented a decrease of false positive and false negative,
and also an increase of precision, resulting in an F1 Score of 91%.
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Fig. 8. Confusion Matrices of mBERT models evaluated with the partial test set. BERT ADAPTED-
LACK-LOCATION shows the confusion matrix of the model trained with adapted-lack-location
and achieved the best precision among the 5 runs, this model has an F1 Score of 84%, while BERT
ADAPTED-NOT-IN-COAST shows the confusion matrix of the model trained with adapted-not-in-
coast and achieved the best precision among the 5 runs, this model has an F1 Score of 91%. Beyond
the classifier’s errors and successes in absolute numbers, they show normalized numbers over the
predicted label (P), and normalized numbers over the true label (T)

6.2. Image Analysis

As in the experiments with captions, we also trained models using the entire devel-
opment set and evaluated them on two different test sets: the full test set and
the partial test set. Five training rounds with different random states were per-
formed. The hyperparameters were optimized and 2 techniques were experimented to
deal with data imbalance: undersampling and class weighting. We obtained the best re-
sults with undersampling, a learning rate of 1e-5, and 512 neurons with ReLu. The results
are presented in Table 9.

Table 9. Results of ResNet50 trained with entire development set and evaluated with the partial and
full test sets. Showing Label, Precision, Recall and F1 Score. We show the mean performance over
5 runs with the standard deviation

Full Test Set Partial Test Set
Label Precision Recall F1 Precision Recall F1

adapted-not-in-coast
0.933

(0.026)
0.895

(0.052)
0.913

(0.019)
0.978

(0.015)
0.926

(0.045)
0.951

(0.020)

adapted-lack-location
0.922

(0.023)
0.866

(0.058)
0.892

(0.021)
0.985

(0.008)
0.896

(0.050)
0.938

(0.025)

Observing the results presented in Table 9, it is possible to notice an increase in all
metrics when we evaluate the models by simulating the flow in production.

Error Analysis We compared the performance of the best-performing classifiers. As
we performed 5 runs for each configuration, we present here the results of the models
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that achieved the best precision among the 5 runs. As we mentioned at the beginning of
Section 5, the ideal for our application is to minimize the number of false positives.

In Figure 9 we present the confusion matrices achieved by the ResNet50 models eval-
uated with the full test set, while in Figure 10 we present the confusion matrices achieved
by the ResNet50 models evaluated with the partial test set.

Fig. 9. Confusion Matrices of ResNet50 models evaluated with the full test set. RESNET
ADAPTED-LACK-LOCATION shows the confusion matrix of the model trained with adapted-
lack-location and achieved the best precision among the 5 runs, this model has an F1 Score of 89%,
while RESNET ADAPTED-NOT-IN-COAST shows the confusion matrix of the model trained with
adapted-not-in-coast and achieved the best precision among the 5 runs, this model has an F1 Score
of 88%. Beyond the classifier’s errors and successes in absolute numbers, they show normalized
numbers over the predicted label (P), and normalized numbers over the true label (T)

Like in the models trained with captions. It is possible to observe that all models have
more difficulty in recognizing positive examples. Note the normalized numbers over the
true label (T), the percentage of false negatives is greater than the percentage of false
positives.

There is a decrease in false positives in RESNET ADAPTED-NOT-IN-COAST when
evaluated with the full test set. On the other hand, when the models are evaluated with
the partial test set, beyond the general increase of all metrics, both models presented
the same number of false positives and precision. The model trained with ADAPTED-
LACK-LOCATION presented a decrease of false negatives and also an increase in recall,
resulting in an F1 Score of 94%.

6.3. Discussion

The model trained with text that achieved the best result was a multilingual BERT model
trained with the adapted-not-in-coast label, which achieved a precision of 95% and an
F1 Score of 91%, when evaluated with the partial test set (see Figure 8). The model
trained with images that obtained the best result was the model trained with adapted-lack-
location, which achieved a precision of 99% and an F1-Score of 94% when evaluated with
the partial test set (see Figure 10).



Identifying Occurrences of the Cnidarian... 1907

Fig. 10. Confusion Matrices of ResNet50 models evaluated with the partial test set. RESNET
ADAPTED-LACK-LOCATION shows the confusion matrix of the model trained with adapted-
lack-location and achieved the best precision among the 5 runs, this model has an F1 Score of 94%,
while RESNET ADAPTED-NOT-IN-COAST shows the confusion matrix of the model trained with
adapted-not-in-coast and achieved the best precision among the 5 runs, this model has an F1 Score
of 92%. Beyond the classifier’s errors and successes in absolute numbers, they show normalized
numbers over the predicted label (P), and normalized numbers over the true label (T)

These experiments also show that between the two best models, the one trained with
images outperformed the model trained with text in 4% of precision and 3% of F1 Score.
Given the nature of Instagram, which is based primarily on images and video, this is an
expected result. However, the good results obtained with text, show that it can also play
an important role in the classification process.

Moreover, the results demonstrate that the spatial information had indeed an impact
on the results, being actually a source of noise for the problem investigated. It reinforces
that adapting the labels was a good choice. Moreover, results presented in this Section
show that filtering out posts that do not meet the spatial criteria before evaluating them by
the classifier can further improve all metrics.

7. Conclusion

In this article, we explored the problem of identifying legitimate occurrences of Physalia
physalis in posts extracted from Instagram using a classification task. Classifiers were
trained using only the text of the post and only one of the images of the post. We also
presented an experience of constructing a dataset on the cnidarian Physalia physalis with
posts extracted from Instagram. In particular, we showed that even for a binary classifi-
cation problem, to distinguish between legitimate and false sightings of the species, the
design of appropriate labels can affect the quality of the machine learning model trained
with the dataset.

Among the models experimented with the text are Logistic Regression and Multilin-
gual BERT. The latter was also experimented as a feature extractor to feed the Logistic
Regression model and also retrained with our data and used as a classifier. TF-IDF was
also used in conjunction with Logistic Regression.
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ResNet50 pre-trained with ImageNet was chosen for image experiments. They were
carried out with different approaches to deal with imbalanced data, in addition to retrain-
ing the network with our data and optimizing the hyperparameters.

The best models were evaluated on a test set that simulates the flow in production, in
which before being evaluated by the model the post is evaluated for location data. It was
possible to observe an increase in all metrics, achieving a precision of 95% for text and
99% for images, indicating that these models can be used as part of an automated ETL
process of a database on occurrences of Physalia physalis on the Brazilian coast from
data extracted from Instagram.

One of the contributions of this work is a comparison between the use and perfor-
mance of different modals (i.e., text and image) as resources for training machine learning
models, in the context of conservation science and social media data. To the best of our
knowledge, there is no other work using text and image for species recognition in data
extracted from social media. Furthermore, there is a small number of works that explore
the text for tasks related to conservation science, as already mentioned by [11]. In fact,
the use of images and video are more common in this context. Our experiments reinforce
the importance of images in these applications, showing that for our target species models
trained with images outperformed models trained with text by 4% of precision.

Another contribution of this article was to show the importance of knowledge on the
part of the computer scientist of which criteria were used to label the data, since the
unquestionable use of the label assigned by the specialist can be a source of noise. This is
especially true for works involving species occurrence, where spatial and temporal data
are essential but may not be present in all samples. Knowing how the data was labeled
can allow the labels to be adapted and therefore produce better results, as demonstrated in
this work.

The dataset that was constructed and labeled manually by the oceanographer and the
computer scientist, can be extended with new data through the application of the final
models. Furthermore, taxonomic and spatial information labels can be used to refine the
model itself or used for training new models. Examples of refinements include: recog-
nizing the spatial information contained in the caption and differentiating sightings from
accidents using taxonomic information.

As a final contribution, as the best models are neural networks, they can be adapted
to new problems, taking advantage of the transfer learning paradigm, which makes it
possible to automate the identification of other species.

This work is part of a project that has the goal of monitoring Physalia physalis on the
Brazilian coast. There are many interesting directions that this work can be extended to
contribute to this objective. Among them, we are planning to train multimodal machine
learning in order to produce a classifier that takes into consideration both text and images
in the same model. We also plan to explore preprocessing techniques for the text and train
classification models to automatically extract data from other sources such as newspapers,
and other social media platforms.

Other future lines of investigation include: experiments with other language models,
such as BERTimbau [28] and XML-RoBERTa15; interpretation of decisions made by the
models by applying methods such as Feature Visualization and Pixel Attribution [21];

15 https://huggingface.co/xlm-roberta-large
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experiments with new techniques such Vision Transformer (ViT) [10] to image classifica-
tion.
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Paraná in 2015.

Leonardo S. Camargo is a Major in Science Computer graduation student at Univer-
sidade Federal do Parana (UFPR) in Brazil and an intern at Telefónica Brasil S.A. He
has researched social media data mining and presented the article ”Coleta de Dados do
Instagram sobre Ocorrências de Caravelas-Portuguesas na Costa Brasileira” at Encontro
Regional de Banco de Dados (ERBD,2022). His interests reside in Data Visualization,
Data Mining and Data Science.

Maurı́cio Almeida Noernberg recived the PhD degree in environmental geology from
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Abstract. The article presents an approach to the automatic derivation of
conceptual database models from heterogeneous source artifacts. The approach is
based on the integration of conceptual database models that are derived from
source artifacts of one single type by already existing tools, whereby those models
possess limited certainty given their limited completeness and correctness. The
uncertainty of the automatically derived models from specific source artifacts is
expressed and managed through the effectiveness measure of the generation of
specific concepts of the input conceptual database models. The approach is
implemented by the DBomnia tool – the first online web-based tool enabling
automatic derivation of conceptual database models from heterogeneous source
artifacts (business process models and textual specifications). DBomnia employs
other pre-existing tools to derive conceptual models from sources of the same type
and then integrates those models. The case study-based evaluation proves that the
implemented approach enables effective automatic derivation of the conceptual
database model from a set of heterogeneous source artifacts. Moreover, the
automatic derivation of the conceptual database model from a set of heterogeneous
source artifacts is more effective than each independent automatic derivation of the
conceptual database model from sources of one single type only.

Keywords: AMADEOS, DBomnia, Schema integration, Schema matching,
Schema merging, TexToData, UML class diagram, Uncertain schema.

1. Introduction

The database design process undergoes several typical steps [20], whereby the first and the
most important step is conceptual design. The result of the conceptual database design is
the conceptual database model (CDM), which is platform-independent and describes the
target database on a high level of abstraction. The result of all subsequent steps, including
the database specification for the specific target database management system, can be
straightforwardly derived starting from the CDM. This is the main reason why researchers
have been significantly interested in the topic of automated CDM design.

Motivation. Automated CDM design has been a research topic since the 1980s [15], and
since then a plethora of papers have been published in the field. Although different types

⋆ This article constitutes an extended version of the conference paper entitled ”Towards Automatic Conceptual
Database Design based on Heterogeneous Source Artifacts” presented at the workshop Modern Approaches
in Data Engineering and Information System Design, 4th of September 2023 Barcelona, Spain.
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of artifacts (models, textual specifications, recorded speech, etc.) have been introduced as
a source in the automated CDM design, the existing tools enable CDM synthesis based
on sources of one single type only, whereby the generated CDMs are not 100% complete
nor 100% correct.

Objectives. Since there is still no tool enabling the fully automatic generation of the
complete target CDM from sources of one single type, we started to investigate the
possibilities of increasing the completeness and correctness of automatically generated
target CDMs by deriving them from heterogeneous source artifacts (compared to the
CDMs derived from sources of one single type). Accordingly, we define our research
objectives as follows:

1. define an approach and implement a tool enabling automatic CDM derivation from a
set of heterogeneous source artifacts,

2. evaluate the approach by assessing the CDM derived from a set of heterogeneous
source artifacts against the CDMs that are derived from the source artifacts of one
single type.

Contributions. The main contribution of our research is the approach for the integration
of incomplete and incorrect CDMs that are automatically derived from specific source
artifacts. In our approach, we employ existing, already developed tools for CDM
derivation from specific source artifacts, and then we integrate those CDMs. Uncertainty
of CDMs automatically derived from specific source artifacts is expressed and managed
through the effectiveness measure of generation of specific concepts (classes, attributes,
associations, generalizations) of the input CDMs.

The second main contribution is the implemented tool named DBomnia. DBomnia is
the first online web-based tool that enables automatic CDM derivation from a set of
heterogeneous source artifacts. Currently, DBomnia supports two types of source
artifacts: business process models (BPMs) and textual specifications. DBomnia is a full
CASE tool for forward engineering of relational databases.

This article constitutes an extended version of the workshop paper [4], which is
extended by: (i) formalization of the proposed approach, (ii) detailed presentation of the
proposed approach, (iii) more detailed presentation of the related work, and (iv) case
study-based evaluation of the proposed approach and implemented tool.

Article organization. This article is structured as follows. After this introduction, the
second section presents the related work. The necessary definitions are provided in the
third section. The proposed approach is presented in the next three sections. Firstly, an
overview of the approach is presented in the fourth section, then the schema matching
step is presented in the fifth section, while the sixth section presents the schema merging
step. The implemented tool is presented in the seventh section. The eighth section presents
the evaluation. The final section concludes the article.

2. Related Work

This section presents the related work. Firstly, we provide an overview of the existing
approaches and tools to (semi-)automatic CDM design, followed by an overview of the
existing approaches to schema matching and integration.
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2.1. (Semi-)automatic CDM Design

The existing approaches and tools for (semi-)automatic CDM design derive the target
model from the source artifacts of the same type and can be classified as: Text-based,
Model-based, Form-based, and Speech-based.

Text-based approaches constitute the oldest and most dominant category. These
approaches and tools derive CDMs from textual specifications that are typically
unstructured and represented in some natural language (NL). They can be further
classified (as suggested in [56]) as: (1) Linguistics-based, (2) Pattern-based, (3)
Case-based, (4) Ontology-based, and (5) Multiple approaches.

Most text-based approaches and tools are linguistics-based. They use natural
language processing (NLP) techniques to convert NL text into the CDM. The
development of these approaches started with Chen’s eleven rules [15] for the translation
of English text into the corresponding CDM, which have been further enhanced and
extended in [42, 40, 28]. The most important linguistics-based tools are: ER-Converter
[40], CM-Builder [27], and LIDA [42]. The main representatives of other categories are:
pattern-based APSARA [44], case-based CABSYDD [17], ontology-based OMDDE
[54], and HBT [56] belonging to the multiple approaches.

The existing text-based tools typically support one single source NL (mainly English)
and do not provide multilingual support. Only TexToData [13] enables automatic CDM
derivation from textual specifications in different source NLs, even with very complex
morphology (e.g. Slavic languages). In our approach presented in this article, we employ
TexToData as one of the generators of uncertain CDMs in the multi-sourced automatic
CDM synthesis.

Model-based approaches and tools emerged as an alternative to those that are text-
based, in order to avoid their shortcomings mainly related to the modest effectiveness
for languages with complex morphology. The existing approaches and tools take source
models that can be represented by a number of different notations, which can be classified
(according to [10]) as: (1) Process-oriented (e.g. BPMN), (2) Function-oriented (e.g. Data
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Fig. 1. Taxonomy of approaches to (semi-)automatic CDM design
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Flow Diagram), (3) Communication-oriented (e.g. Sequence Diagram), and (4) Goal-
oriented (e.g. TROPOS).

There is still no model-based approach nor tool enabling automatic derivation of the
complete target CDM from a source model (regardless of the notation). Only a few
papers present a set of formal rules for automatic CDM derivation (e.g. [55, 9]), while
the majority give only guidelines and informal rules that do not enable automatic CDM
derivation. Most of the proposed tools are actually transformation programs (e.g. [47,
31]) specified in some model-to-model transformation language (e.g. ATL [30]), while
only a small number of papers present real CASE tools for automatic model-driven
CDM synthesis (e.g. [39, 11]).

There is only one single online model-driven tool named AMADEOS [11], which
enables the automatic derivation of an initial CDM from a set of BPMs. The most recent
AMADEOS release [53] supports the whole BPM-driven forward database engineering
process by using the standard UML notation in all stages. In our approach presented in
this article, we employ AMADEOS as one of the generators of uncertain CDMs in the
multi-sourced automatic CDM synthesis.

Form-based approaches take collections of forms as the source, whereby the most
important tools are EDDS [16] and IIS*Case [33].

Speech-based approaches constitute the smallest category – in the existing literature,
there is only one paper [12] presenting the SpeeD tool that is able to derive CDM from
recorded English speech.

In comparison to the existing approaches that consider only sources of one single
type, and in comparison to the existing tools that enable (semi-)automatic CDM
derivation from sources of one single type, there is only our paper [4] that considers
automatic CDM derivation from heterogeneous source artifacts and corresponding tool
that enables automatic CDM derivation from two different types of source artifacts:
textual specifications and BPMs.

2.2. Schema Matching and Integration

In the essence of our research objective is the problem of uncertain schema integration,
i.e. integration of CDMs that are automatically generated by the tools that do not generate
100% correct nor 100% complete models.

Schema integration has been a research topic since the 1980s. It has been heavily
investigated and is part of the research to this day. The term schema integration,
introduced in [5], is defined as the activity of integrating database schemas. It is a
generic term that is used in two contexts. In the database design context, it means to
produce a global conceptual schema of the proposed database, and in the distributed
database management context it means to produce a global schema that represents a
virtual view of all databases in such an environment.

Schema integration implies the creation of a unified representation of the schemas
from different sources. It consists of two core parts: schema matching and schema
merging. Schema matching is the process of discovering mappings (correspondences)
between different schemas, while schema merging is the process of the unification of
different schemas based on the discovered mappings [36].
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In the 2000s researchers started to investigate the topic of generic model
management. In [8], the authors introduce the term model management and propose to
generalize and integrate model management operations (such as matching and merging)
to support generic model management. The term model is used to refer to any structured
representation of the data (e.g. relational schema, XML, etc.). After that, numerous
papers emerged focusing on generic model management operations, such as generic
matching (e.g. [35]) and generic merging (e.g. [43]).

Although some papers deal with the uncertainty that is inherent in the schema
matching step [36], the state of the art is the integration of the source schemas that can
be described as reliable. Reliable source schemas are the product of reliable sources (e.g.
when integrating schemas of the databases already in use). In this article, we deal with
the integration of the models with reduced reliability, because tools for automated CDM
derivation do not generate 100% correct nor 100% complete models.

Techniques. Over the years, many schema matching techniques have been introduced.
Here we provide a basic taxonomy of matching techniques (according to [7]) with the
focus on techniques adopted in our approach.

Basic categorization of schema matching techniques includes instance-based and
schema-based techniques. Instance-based techniques use data instances to discover
mappings among schema elements, while schema-based techniques rely only on schema
information.

In our approach we deal with the conceptual (database) models, meaning there aren’t
any data instances that can be used during the schema matching process. Consequently,
we are not able to use the instance-based techniques, which makes the schema-based
techniques the cornerstone of our approach. Schema-based techniques can be
categorized into element-level (they consider individual schema elements) and
structure-level techniques (they consider groups of elements).

Another category of matching techniques is constraint-based. Constraint-based
techniques use schema constraints such as data types, relationship cardinalities,
participation constraints, etc.

Due to the unreliability of the input CDMs (in the sense of the CDM structure),
which constitutes the main challenge in our approach, the usage of structure-based
techniques is limited (but it is still possible to some extent). Therefore, we have to rely
on linguistic matching techniques. Linguistic matching techniques use names and/or
other textual descriptions of the schema elements to discover mappings between
elements of different schemas. Linguistic matching (according to [57]) commonly
includes string (e.g. element name) pre-processing (e.g. tokenization, elimination of
special characters, stemming, lemmatization, elimination of stop words, etc.),
identification of the semantic similarity (e.g. using NLP-based techniques) and/or
identification of the syntactic similarity. Linguistic matching can include techniques of
auxiliary information usage (e.g. thesaurus usage to find acronyms, synonyms,
homonyms, heteronyms, etc.).

Our approach is not limited to single-language input artifacts and automatically
generated CDMs, rather our approach limits the language in one execution to a single
language (e.g. in one execution all artifacts can be in the English language, but it is
possible that in another execution all artifacts are in the German language, etc.).
Currently, a combination of multiple languages in one execution is not considered.
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Due to the multilingual nature of the input CDMs (in different executions) and
considering a large number of supported languages, the semantic analysis constitutes a
great challenge and belongs to a separate research project that is out of the scope of this
article. Here we are focused on the syntactic similarity measures.

Syntactic similarity measures for string comparison can be categorized (according to
[24]) as character-level or token-level. Character-level measures compare strings on the
level of a single character, while token-level measures compare string tokens. Typical
representatives of character-level measures are edit-distance measures (Levenshtein [32],
Damerau–Levenshtein [19], Needleman and Wunsch [38], Smith and Waterman [52],
Smith–Waterman–Gotoh [25], Hamming [26], Jaro [29], Jaro–Winkler [58]) and longest
common string [23]. Typical representatives of token-level measures are set-based
measures (Jaccard [45], Dice [1]) and bag-of-tokens measures (Cosine [18], Euclidean
[37], Manhattan [37]).

Some papers consider a combination of character-level and token-level measures.
Such measures are called soft measures [24]. The basic principle of a soft measure is to
apply the token-level measure, but when comparing tokens a character-level measure is
used, i.e. two tokens are considered a match if their character-level measure is above
some defined threshold. The typical usage of a soft measure is to eliminate possible
typographical errors on a token level.

If different techniques are used to perform matching, then such combination of
techniques is called hybrid technique (if different techniques are combined together to
perform matching) or composite technique (if different techniques are performed
independently and only combine the results). Our approach can be classified as a hybrid.

Usage of machine learning techniques. A number of schema matching approaches
leverage of machine learning (ML) techniques. Some papers present approaches that
apply ML techniques to the problem of combining different matchers (i.e. matching
techniques). Examples of such approaches are LSD [21], YAM [22], and ALMa [46].

Another use case for ML techniques in the schema matching process is when such
techniques are used as part of a similarity measure. The Automatch system [6] uses
probabilistic methods and a knowledge base about schema attributes to calculate
matching scores between the attributes of two schemas. Afterwards, an optimization
process is carried out to find optimal schema matching (with respect to the sum of the
individual attribute matching scores). Schema matching at the element level and
structure level is proposed in [2], where ML techniques are used to generate matching
results at the element level. Features for ML are constructed using different string
similarity metrics and text processing techniques based on entity names. Element level
and structure level mappings are combined to produce the final result. In [14], features
are constructed using string similarity metrics and semantic information from entity
names. These features are used as input to an ML model that predicts entity matchings.
In [48], features (about attributes) for ML are constructed based on schema information
(data type, not null specification, etc.). These features are used to create corresponding
clusters, and attribute mappings are discovered from these clusters. SMAT [59] is based
on NLP techniques and uses attribute names and descriptions to obtain schema
mappings. Matching between two attributes is proportionate to the similarity of the
corresponding sentence pair, where each sentence is constructed from attribute name and
description.
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Usage of ML techniques in the schema matching process is diverse. Corpus-based
matching approach [34] uses a corpus of schemas and mappings in particular domain
to augment information about input schemas. Authors argue that augmenting evidence
about input schemas provide better matching results. The ADnEV approach [51] presents
an additional step in the schema matching task. It uses deep learning to calibrate matching
result of other (algorithmic) matchers. PoWareMatch [50] combines algorithmic matching
and deep learning to improve human matching results.

Lately, researchers have tried to leverage the recent emergence of (large) language
models. Paper [61] presents a novel linguistic schema matching approach that uses fine-
tuned pre-trained language model for a more precise calculation of similarity between
each pair of attributes in input schemas. The problem of similarity calculation is regarded
as a binary text classification problem, where prediction of a correct match is based on
a sentence that describes corresponding attributes (concatenation of the attributes’ names
and descriptions). The SMUTF approach [60] combines rule-based feature engineering,
pre-trained language models, and generative large language models to predict the match
score (the probability that two columns are matched). The ReMatch approach [49] uses
retrieval-enhanced large language models in the process of selecting candidate matches.
The approach is designed to aid human matchers throughout their work.

Schema matching approaches that use ML techniques also focus on matching
complete and reliable schemas, with the dominant usage of attribute names and
descriptions, and attribute values (where possible). However, in our future work we will
focus on utilizing ML techniques to improve current results.

3. Definitions

In this section, we provide the necessary definitions.

3.1. CDM Representation

We use the UML class diagram [41] to represent the CDMs, thus the representation of the
CDMs generated by different generators, as well as the target integrated CDM, is unified.

Each CDM (UML class diagram) contains two packages, ICM PT and ICM CD. The
ICM PT package contains definitions of the primitive types (e.g. Integer, Text, Double,
etc.), while the ICM CD package contains the CDM itself.

Definition 1: Let P , E, R, and G be sets of primitive types, classes, associations,
and generalizations, respectively. The conceptual database model, CDM(P,E,R,G), is
a UML class diagram with the following properties:
1. Each entity type is represented by the corresponding class e ∈ E of the same name.
2. Let attrs(e) be a set of attributes (ownedAttribute:Property) of the class e∈E. Each

attribute a ∈ attrs(e) corresponds to an attribute of the respective entity type,
whereby its type, denoted type(a), is a primitive type (type(a)∈P ).

3. A class may contain a single operation, named PK, which represents the primary key
of the corresponding entity type [53]. The primary key attributes should be listed as
the operation parameters, i.e. operation parameters should correspond to the primary
key attributes by the name and by the type.
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4. Each relationship type is represented by the corresponding binary association r∈R of
the same name, whose memberEnd:Property attribute is an ordered pair of association
ends (source(r) and target(r)). The type of each association end is an entity type
(type(source(r)) ∈ E ∧ type(target(r)) ∈ E). The association end multiplicities
correspond to the relationship cardinalities and participation constraints. The lower
value of the association end multiplicity (lower(source(r)) and lower(target(r)))
corresponds to the participation constraint of the entity type at the opposite end of the
association. The upper value of the association end multiplicity (upper(source(r))
and upper(target(r))) corresponds to the mapping cardinality of the entity type at
the opposite end of the association.

5. Each generalization/specialization relationship is represented by the corresponding
generalization g ∈ G. It relates specific entity type (specific(g) ∈ E) to a more
general entity type (general(g)∈E, specific(g) ̸=general(g)).

3.2. Quantitative CDM Assessment

The input in the schema integration process is a set of automatically generated CDMs,
which are not 100% correct nor 100% complete. In order to integrate such unreliable
CDMs, it is necessary to know their correctness and completeness. The only way to
precisely determine such measures for some concrete automatically generated CDM is to
manually evaluate it. Considering that we are dealing with automated schema
integration, manual evaluation is not an option, but rather approximate or estimated
values of those measures should be known in advance. Since all our generators are
already evaluated, we propose a posteriori approach – use the calculated measures from
the evaluation of the CDM generators as the estimated measures of the automatically
generated CDMs in the schema integration process.

During the evaluation of generators, we used recall, precision, and F-score as
measures for the evaluation of the automatically generated CDM.

Definition 2: If Nc represents the number of correctly generated concepts in the
generated CDM and Nm represents the number of missing concepts in the generated
CDM, then recall (R) constitutes a measure of completeness of the generated CDM, and
it is defined as:

R =
Nc

Nc +Nm
. (1)

Definition 3: If Nc represents the number of correctly generated concepts in the
generated CDM and Nw represents the number of incorrectly generated concepts in the
generated CDM, then precision (P ) constitutes a measure of correctness of the
generated CDM, and it is defined as:

P =
Nc

Nc +Nw
. (2)

Definition 4: The effectiveness, named F-score or F-measure (F ), is defined as the
harmonic mean of precision and recall, i.e.

F =
2PR

P +R
. (3)
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3.3. Input and Output

Previously described measures are calculated separately for each concept of the CDM,
i.e. classes, attributes, associations, and generalizations. The F-score, as the effectiveness
measure, will be used in the integration approach. Therefore, input in the schema
integration process is a set of automatically generated CDMs, as well as estimated
measures for each input CDM.

Definition 5: Let FE be the estimated effectiveness for classes, and FA be the
estimated effectiveness for attributes in the classes, and FR be the estimated
effectiveness for associations, and FG be the estimated effectiveness for generalizations,
then the estimated effectiveness F of the CDM generation process is represented by the
<FE , FA, FR, FG> tuple, i.e. F =<FE , FA, FR, FG>.

Definition 6: The input I in the schema integration process, is a set of n ordered
pairs (CDMi, Fi), where CDMi is the i-th CDM, while Fi represents its estimated
F-measures, i.e.

I = {(CDMi, Fi) : CDMi = CDM(Pi, Ei, Ri, Gi)∧
Fi =<FEi , FAi , FRi , FGi > ∧
i = 1, . . . , n} .

(4)

Definition 7: The output of the schema integration process is the integrated CDM
CDMO = CDM(PO, EO, RO, GO).

3.4. Syntactic Similarity Assessment

The names of the concepts in input (automatically generated by our generators) CDMs
typically consist of one or a few words, usually without stop words and possibly with
special characters such as underscore (’ ’). Therefore, tokenization of names and a
set-based measure stand out as the candidates for use. Also, to eliminate possible
typographical errors, a set-based measure should be reinforced with the character-level
measure – thus making it a soft measure.

There are (too) many possible combinations of the token-level and character-level
measures and, possibly, some combinations would prove to be a little better than others
for this concrete purpose. However, by defining empirically determined threshold for the
character-level measure, we can achieve acceptable results despite the chosen measures
in the concrete implementation of the tool. Also, when a new type of source artifacts is
introduced and expected measures are determined for the CDM derived from those source
artifacts, again, by (if necessary) modified threshold, chosen (matching) measures should
also run smoothly in that case.

We tried some combinations of measures, and, at the moment, decided to go with the
combination of Jaccard similarity as the token-level measure, and Levenshtein distance
as the character-level measure. Therefore, further in the article, a syntactic similarity
between two strings A and B, denoted synt s(A,B), is calculated as follows.

First, we tokenize the strings on special characters and uppercase letters (e.g.
tokens(BookEdition) = {book, edition}), and we compare two sets of tokens
tokens(A) and tokens(B) to determine the intersection. To determine the intersection
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of two sets of tokens, we use Levenshtein distance – if the value of Levenshtein distance
between tokens ta∈ tokens(A) and tb∈ tokens(B) is less than defined threshold (LD),
then tokens ta and tb are added to intersection (as a single element) of token sets. Such
intersection of token sets is denoted tokens(A) ∩LD tokens(B).

Definition 8: Considering that Jaccard similarity [45] of two sets P and Q (in general)
is calculated as a ratio between the number of elements in the intersection of the sets
(|P ∩Q|) and the number of elements in the union of the sets (|P ∪Q|), i.e.

Jaccard(P,Q) =
|P ∩Q|
|P ∪Q|

=
|P ∩Q|

|P |+ |Q| − |P ∩Q|
, (5)

we calculate the syntactic similarity of two strings A and B as follows:

synt s(A,B) =
|tokens(A) ∩LD tokens(B)|

|tokens(A)|+ |tokens(B)| − |tokens(A) ∩LD tokens(B)|
. (6)

Note that when determining the number of elements in the union of token sets, we
only use Levenshtein distance when computing the intersection of token sets.

4. Approach Overview

Our task is to integrate multiple (unreliable) CDMs into a single unified CDM. The
schema integration process consists of two core parts: schema matching and schema
merging. Schema matching is the process of discovering mappings (correspondences)
between different schemas, while schema merging is the process of unification of
different schemas based on the discovered mappings [36]. Therefore, the schema
matching process precedes the schema merging process. Figure 2 shows an overview of
the schema integration process. The input in the schema integration process are
(unreliable) CDMs automatically generated by tools for automatic derivation of CDMs
from specific source artifacts (e.g. CDM derived from a source set of BPMs by
AMADEOS, CDM derived from a textual specification by TexToData).

Based on the type of CDM concepts, we divided the schema matching process into
four steps: (i) classes matching step, (ii) attributes matching step, (iii) associations
matching step, and (iv) generalizations matching step. The top elements of the CDM are
classes, so the first step in the schema matching process is the classes matching step.
Other matching steps (attributes matching step, associations matching step, and
generalizations matching step) are directly dependent on the result of the classes
matching step. Therefore, the classes matching step must precede other steps in the
schema matching process. However, the attributes matching step, associations matching
step, and generalizations matching step are not mutually dependent, therefore these steps
can be executed in an arbitrary order.

The schema merging process is, also, divided into four steps: (i) classes merging
step, (ii) attributes merging step, (iii) associations merging step, and (iv) generalizations
merging step. The classes merging step is dependent only on the classes matching step,
while other merging steps are dependent on the classes merging step and corresponding
matching step. Therefore, the classes merging step must precede other merging steps.
Other merging steps are not mutually dependent, therefore these steps can be executed in
an arbitrary order.
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Fig. 2. Overview of the schema integration process

The schema matching and schema merging processes are described in detail in the
following two sections.

Note that the default input in the algorithms is I (equation (4)), i.e. a set of n ordered
pairs (CDMi, Fi), so we purposely omitted the explicit definition of such input (in the
require section) and explicitly stated only necessary inputs that are produced as
intermediate results of other algorithms.

5. Schema Matching

The schema matching process in the task of automated schema integration is very
important because the result of the schema merging process (i.e. the final result of the
schema integration task) directly depends on the result of the schema matching process.
Inadequate schema matching may lead to a lower value of the effectiveness of the
integrated CDM than the value of the effectiveness of each input CDM (CDMs that are
being integrated).
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As already stated, the cornerstone of our approach are schema-based matching
techniques, which consider only schema information. In our case, schema information
includes names, properties (e.g. the properties of classes are attributes and connections to
other classes such as associations and generalizations), and constraints (e.g. cardinalities
and participation constraints for associations). The usage of structure-based techniques
depends directly on the reliability of generated CDM concepts which is, in our approach,
directly expressed with the effectiveness measures.

Due to the unreliability of the input CDMs, the usage of structure-based techniques
is limited. Therefore, we need to use the names of the concepts and rely on linguistic
matching. In cases where we cannot more rely on the structure and constraints, we have
to mostly rely on the names. On the other hand, if the reliability of the structure is good,
then we can combine linguistic matching and structure-based matching and/or constraint-
based matching.

In our approach, we expect that all input CDMs in one execution are in the same
language, but in different executions, the input CDMs can be in different languages. This
brings us to the fact that our approach is not a single-language approach (focusing on only
one language). Due to the multilingual nature of the input CDMs (in different executions),
we are focused on the syntactic similarity measure for linguistic matching. The semantic
analysis constitutes a great challenge and it is not considered in this article.

The aforementioned combination of different matching techniques classifies our
approach in the hybrid matching category. Concerning matching cardinality, we produce
1:1:. . . :1 mapping between schema elements, which means that, for example, a class
from CDM1 can be matched with at most one class from CDM2 and at most one class
from CDM3 and, so on, at most one class from CDMn.

5.1. Classes Matching

In the classes matching step, it is necessary to discover class mappings based on the sets
of classes from input CDMs (E1, . . . , En). The result of the classes matching step is a
list1 of sets of matched classes from different CDMs, ME = [M

(1)
E , . . . ,M

(m)
E ], where:

– m is the number of sets of matched classes (each element M (i)
E ∈ME is the set of

classes),
– each set M (i)

E must be a non-empty set,
– each class from each input CDM (∀e ∈ Ei, i = 1, . . . , n) belongs to exactly one set
M

(j)
E , and

– not a single set M (i)
E contains multiple classes from the same CDM.

The minimal number of elements in any set M
(i)
E is 1, which means that the

corresponding class e∈M
(i)
E is not matched with any other class from any other CDM.

The maximal number of elements in any set M (i)
E is equal to the number of input CDMs

(n).

1 We use the term list (according to [3]) to denote an ordered collection of elements (the elements of the list
will usually be sets, but in general may be other entities) separated by commas and surrounded by square
brackets (e.g. X = [X(1), X(2), X(3)] is the list of length 3).
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The classes matching step is executed in two phases. In the first phase (Algorithm 1),
we compare every pair of classes (ea, eb) from different CDMs (ea ∈Ei, eb ∈Ej , i ̸= j),
which results in the set of triplets (ea, eb, simE(ea, eb)). The result of the comparison
of two classes ea and eb, is the similarity coefficient, denoted simE(ea, eb) ∈ [0, 1]. A
higher value of the similarity coefficient means that the corresponding classes are more
likely to be the same class, while the lower value means that the corresponding classes
are less likely to be the same class. If the similarity coefficient is greater than or equal to
the defined threshold (thSE

), then the triplet is accepted and added to the output set YE .
The value of the similarity coefficient for classes from different CDMs, ea ∈ Ei,

eb∈Ej , i ̸=j, is determined from classes’ names and attributes, i.e.

simE(ea, eb) = synt s(name(ea), name(eb)) · (1− attr w)

+ attr s(attrs(ea), attrs(eb)) · attr w ,
(7)

where attr w=min(FAi
, FAj

) ·WA represents the attributes’ similarity weight2 (which
depends on the effectiveness measure for attributes of the corresponding CDMs and
empirically determined coefficient WA∈ [0, 1]), and attr s(attrs(ea), attrs(eb))∈ [0, 1]
is the similarity measure for the sets of attributes of the corresponding classes. The
similarity measure for two sets of attributes, A=attrs(ea) and B=attrs(eb), similar to
the calculation of two sets of string tokens, is calculated using Jaccard similarity, i.e.

attr s(A,B) =
|A ∩simA

B|
|A|+ |B| − |A ∩simA

B|
. (8)

where the intersection of two sets of attributes is determined using the similarity measure
for comparison of two attributes. The calculation of the similarity of two attributes is
described in the next subsection. The combination of linguistic matching (names) and
structure-based matching (attributes) makes classes matching a hybrid technique.

Algorithm 1 The first phase of the classes matching step
Ensure: YE

1: YE ← ∅
2: for all Ei : i = 1, . . . , n− 1 do
3: for all ea ∈ Ei do
4: for all Ej : j = i+ 1, . . . , n do
5: for all eb ∈ Ej do
6: simab ← simE(ea, eb)
7: if simab ≥ thSE then
8: YE ← YE ∪ {(ea, eb, simab)}
9: end if

10: end for
11: end for
12: end for
13: end for

2 Values attr w and (1 − attr w) allow us to normalize the simE(ea, eb) value, as well as to favor more
reliable similarity measure (synt s(name(ea), name(eb)) or attr s(attrs(ea), attrs(eb))).
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Based on the results from the first phase (i.e. the YE set), in the second phase
(Algorithm 2), we try to produce sets of best matching classes from different CDMs. In
the beginning, the result set ME is empty. We also create a helper set TE containing
classes that have not yet been matched. In the beginning, this set contains all classes
from all input CDMs. Later, when we match some class, then we remove it from this set.
Thus, this set enables easy check (whenever necessary) whether some class is already
matched or not.

Until the input set does not become an empty set, steps are repeated as follows. First,
we find the triplet (ea, eb, simE(ea, eb)) in the input set with the highest value of
similarity, i.e. the triplet with the most compatible pair of classes. Such triplet is then
removed from the input set (in the next iteration of the while loop, the next triplet should
be considered). The next step is to check if class ea or class eb are already matched with

Algorithm 2 The second phase of the classes matching step
Require: YE

Ensure: ME = [M
(1)
E , . . . ,M

(m)
E ]

1: ME ← ∅ ; TE ← ∪n
i=1Ei

2: while YE ̸= ∅ do
3: (ea, eb, simE(ea, eb))← maxsim(YE)
4: YE ← YE \ {(ea, eb, simE(ea, eb))}
5: if ea ∈ TE ∧ eb ∈ TE then
6: me← {ea, eb} ; ME ←ME ∪ {me} ; TE ← TE \me
7: else if ea ∈ TE then
8: me← met : met ∈ME ∧ eb ∈ met ; Et ← Ei : ea ∈ Ei

9: if me ∩ Et = ∅ then
10: me← me ∪ {ea} ; TE ← TE \ {ea}
11: end if
12: else if eb ∈ TE then
13: me← met : met ∈ME ∧ ea ∈ met ; Et ← Ei : eb ∈ Ei

14: if me ∩ Et = ∅ then
15: me← me ∪ {eb} ; TE ← TE \ {eb}
16: end if
17: else
18: mea ← met : met ∈ME ∧ ea ∈ met ; meb ← met : met ∈ME ∧ eb ∈ met
19: found← false
20: for all Ei : i = 1, . . . , n do
21: if Ei ∩mea ̸= ∅ ∧ Ei ∩meb ̸= ∅ then
22: found← true
23: end if
24: end for
25: if ¬found then
26: mea ← mea ∪meb ; ME ←ME \ {meb}
27: end if
28: end if
29: end while
30: for all e ∈ TE do
31: me← {e} ; ME ←ME ∪ {me}
32: end for
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some other classes. If classes ea and eb are not already matched with some other classes
(ea ∈ TE ∧ eb ∈ TE), then classes ea and eb are the elements of the new set that needs to
be added to the output set. If only class ea is already matched with some other classes,
then it is necessary to add class eb to that set of classes that are matched with class ea (if
that does not break the rule that set must not contain multiple classes from same input
CDM). Analogously, if class eb is already matched with some other classes, then it is
necessary to add class ea to that set of classes that are matched with class eb (if that does
not break the rule that set must not contain multiple classes from same input CDM).
Otherwise, if both classes are already matched, but not together (they are in different
sets), then those sets can be joined (if that does not break the rule that set must not
contain multiple classes from the same input CDM). Finally, all unmatched classes from
all CDMs are added to separate (single element) new sets. In the following steps, the
order of the elements in the result is important so the final result (ME) can be considered
to be the list of sets.

Example. To illustrate the classes matching step, let us consider Fig. 3 which shows an
illustrative example of three input CDMs (n = 3): CDM1 = CDM(P1, E1, R1, G1),
CDM2 = CDM(P2, E2, R2, G2), and CDM3 = CDM(P3, E3, R3, G3), where:

P1 = {Text}, E1 = {A1, B1}, R1 = {Z1}, G1 = ∅ ,
P2 = {Text}, E2 = {A2, B2, C2}, R2 = {Z2, Y 2, X2}, G2 = ∅ ,
P3 = {Text}, E3 = {A3, B3, D3}, R3 = {Z3}, G3 = ∅ .
In the first phase of the classes matching step, we compare classes from different

CDMs, i.e. A1 and A2, A1 and B2, A1 and C2, A1 and A3, etc. Let us assume that the
result of the comparison, i.e. the result of the first phase is the following set of triplets (for
simplicity, the set is shown in a supposed descending order by the value of the similarity
coefficient):

YE = {(A1, A2, simE(A1, A2)), (A1, A3, simE(A1, A3)), (A2, A3, simE(A2, A3)),

(B1, B2, simE(B1, B2)), (B1, B3, simE(B1, B3)), (B2, B3, simE(B2, B3))

(A1, B2, simE(A1, B2))} .

Note that the YE set contains only combinations where similarity is greater than or equal
to the defined threshold.

Fig. 3. Illustrative generic example of three input CDMs
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The second phase of the classes matching step (i.e. the population of the ME set,
based on the YE set) is illustrated in the following lines.

ME ⇒ {∅} ⇒ {{A1, A2}} ⇒ {{A1, A2, A3}} ⇒ {{A1, A2, A3}, {B1, B2}}
⇒ {{A1, A2, A3}, {B1, B2, B3}} ⇒ {{A1, A2, A3}, {B1, B2, B3}, {C2}}
⇒ {{A1, A2, A3}, {B1, B2, B3}, {C2}, {D3}}
⇒ [{A1, A2, A3}, {B1, B2, B3}, {C2}, {D3}] .

At the beginning, classes A1 and A2 form a new set of matched classes, and then the A3
class is added to the same set (containing the A1 class). The (A2, A3) pair is ignored,
because both classes are already matched (together). The {B1, B2, B3} set is formed in
a similar manner. The (A1, B2) pair is ignored because joining the sets containing these
classes would result in a set that contains multiple classes from a single input CDM. At
the end, sets {C2} and {D3} are formed from the unmatched classes.

5.2. Attributes Matching

In the attributes matching step, it is necessary to match attributes of already matched
classes. The input in this step is the output of the classes matching step, i.e. the list of sets
of matched classes from different CDMs (ME = [M

(1)
E , . . . ,M

(m)
E ]).

The algorithm for attributes matching is similar to the classes matching step – first,
it is necessary to compare attributes of matched classes, and then create sets of matched
attributes. The output of the attributes matching step is the list of sets of sets of matched
attributes MA = [M

(1)
A , . . . ,M

(m)
A ], where each set M (i)

A is the set of sets of matched
attributes of classes from the M

(i)
E set.

The input in the first part of the algorithm (Algorithm 3) is the ME list of sets of
matched classes from different CDMs, while the output is the YA list of sets of triplets
(ata, atb, simA(ata, atb)). Each set Y (i)

A ∈ Y corresponds to the set of matched classes
M

(i)
E ∈ME . Also, each set Y (i)

A is empty in the beginning. Since it is necessary to match
attributes only for matched classes, then the following steps are repeated for each input
set of matched classes M

(i)
E . Each attribute (ata ∈ attrs(ej)) of each class (ej ∈M

(i)
E )

is compared with every attribute (atb ∈ attrs(ek)) of every other class from the same
set of matched classes (ek ∈M

(i)
E ). The result of the comparison of two attributes is the

similarity coefficient simA(ata, atb). Attributes ata and atb, and the similarity coefficient
simA(ata, atb) form a triplet (ata, atb, simA(ata, atb)) which is added to the output
set Y (i)

A if the value of the similarity coefficient is greater than or equal to the defined
threshold (thSA

).
The value of the similarity coefficient for two attributes (of classes from different

CDMs) is determined based on attributes’ names, i.e.

simA(ata, atb) = synt s(name(ata), name(atb)) . (9)

Here we completely rely on the attribute names (linguistic matching) as they are,
currently, the most useful information about attributes. If proved to be necessary, it will
be easy to include attribute types in the equation.
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Algorithm 3 The first phase of the attributes matching step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ]

Ensure: YA = [Y
(1)
A , . . . , Y

(m)
A ]

1: for all M (i)
E ∈ME do

2: Y
(i)
A ← ∅ ; nc ← |M (i)

E |
3: for all ej ∈M

(i)
E : j = 1, . . . , nc − 1 do

4: for all ata ∈ attrs(ej) do
5: for all ek ∈M

(i)
E : k = j + 1, . . . , nc do

6: for all atb ∈ attrs(ek) do
7: simab ← simA(ata, atb)
8: if simab ≥ thSA then
9: Y

(i)
A ← Y

(i)
A ∪ {(ata, atb, simab)}

10: end if
11: end for
12: end for
13: end for
14: end for
15: end for

In the second phase (Algorithm 4) of the attributes matching step, it is necessary to
create sets of matched attributes. The input is the list of sets of matched classes and the
list of sets of similarity triplets. The output of the attributes matching step is the list of
sets of sets of matched attributes, where each set M (i)

A ∈MA is the set of sets of matched
attributes that correspond to the set of matched classes M (i)

E ∈ME .

In the beginning, each output set M (i)
A is initialized to an empty set, and the TA set

contains attributes from all classes from the M
(i)
E set. When an attribute is matched, we

remove it from the TA set (which makes it easy to check whether some attribute is already
matched or not). For each input set Y (i)

A ∈ YA of the similarity triplets it is necessary to
create sets of matched attributes as follows. In each iteration of the inner while loop, we
find the (ata, atb, simA(ata, atb)) triplet with the highest value of similarity. That triplet
is removed from the input set (in the next iteration, another triplet should be considered).
Then, it is necessary to check if any of the attributes, ata or atb, has already been matched
with other attributes. If neither of the current attributes is already matched with other
attributes (ata ∈ TA ∧ atb ∈ TA), then the given attributes ata and atb form a new set of
matched attributes (ma) that is added to the set of sets of matched attributes. If one of the
attributes is already matched with other attributes, i.e. if there exists set mat∈M

(i)
A such

that ata ∈ mat or atb ∈ mat, then it is necessary to add other attribute to the same set
(if this does not break the rule that the set must not contain multiple attributes from the
same class). Otherwise, if both attributes are already matched, but not together (they are
in different sets), then those sets can be joined (if this does not break the rule that the set
must not contain multiple attributes from the same class). Finally, all unmatched attributes
are added to separate (single element) new sets – unmatched attributes of classes from the
M

(i)
E set are added to separate sets of the output set M (i)

A .
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Algorithm 4 The second phase of the attributes matching step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ] YA = [Y

(1)
A , . . . , Y

(m)
A ]

Ensure: MA = [M
(1)
A , . . . ,M

(m)
A ]

1: for all Y (i)
A ∈ YA do

2: M
(i)
A ← ∅ ; TA ← ∪∀e∈M

(i)
E

attrs(e)

3: while Y
(i)
A ̸= ∅ do

4: (ata, atb, simA(ata, atb))← maxsim(Y
(i)
A )

5: Y
(i)
A ← Y

(i)
A \ {(ata, atb, simA(ata, atb))}

6: if ata ∈ TA ∧ atb ∈ TA then
7: ma← {ata, atb} ; M

(i)
A ←M

(i)
A ∪ {ma} ; TA ← TA \ma

8: else if ata ∈ TA then
9: ma← mat : mat ∈M

(i)
A ∧atb ∈ mat ; e← et : et ∈M

(i)
E ∧ata ∈ attrs(et)

10: if ma ∩ attrs(e) = ∅ then
11: ma← ma ∪ {ata} ; TA ← TA \ {ata}
12: end if
13: else if atb ∈ TA then
14: ma← mat : mat ∈M

(i)
A ∧ ata ∈ mat

15: e← et : et ∈M
(i)
E ∧ atb ∈ attrs(et)

16: if ma ∩ attrs(e) = ∅ then
17: ma← ma ∪ {atb} ; TA ← TA \ {atb}
18: end if
19: else
20: maa ← mat : mat ∈M

(i)
A ∧ ata ∈ mat

21: mab ← mat : mat ∈M
(i)
A ∧ atb ∈ mat

22: found← false
23: for all e ∈M

(i)
E do

24: if attrs(e) ∩maa ̸= ∅ ∧ attrs(e) ∩mab ̸= ∅ then
25: found← true
26: end if
27: end for
28: if ¬found then
29: maa ← maa ∪mab ; M

(i)
A ←M

(i)
A \ {mab}

30: end if
31: end if
32: end while
33: for all at ∈ TA do
34: ma← {at} ; M

(i)
A ←M

(i)
A ∪ {ma}

35: end for
36: end for

Example. Now we will illustrate the attributes matching step using the example from the
previous subsection. Here we repeat the output, i.e. the ME list of sets of matched classes:

ME = [M
(1)
E ,M

(2)
E ,M

(3)
E ,M

(4)
E ] ,

where

M
(1)
E = {A1, A2, A3}, M

(2)
E = {B1, B2, B3}, M

(3)
E = {C2}, M

(4)
E = {D3}.
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In the first phase, we need to create the output list YA of sets of similarity triplets for
attributes. The number of elements in the output list corresponds to the number of
elements in the list ME (m = 4), and element/set Y (i)

A corresponds to the element/set
M

(i)
E . Note that set Y (i)

A contains similarity triplets for attributes of only those classes
that are in the M

(i)
E set. Finally, let us assume the following output of the first phase

(elements in the sets are shown in a supposed descending order by the value of the
similarity coefficient):

YA ={Y (1)
A , Y

(2)
A , Y

(3)
A , Y

(4)
A },

Y
(1)
A ={(a11, a21, simA(a11, a21)), (a21, a31, simA(a21, a31)),

(a12, a22, simA(a12, a22))},

Y
(2)
A ={(b11, b21, simA(b11, b21)), (b11, b31, simA(b11, b31)),

(b21, b31, simA(b21, b31))},

Y
(3)
A =Y

(4)
A = {∅} .

In the second phase of the algorithm, we create the output list of sets of sets of matched
attributes MA = [M

(1)
A ,M

(2)
A ,M

(3)
A ,M

(4)
A ], where each M

(i)
A is created from the set of

similarity triplets Y (i)
A . The following lines describe the population of each set M (i)

A .

M
(1)
A ⇒ {∅} ⇒ {{a11, a21}} ⇒ {{a11, a21, a31}} ⇒ {{a11, a21, a31}, {a12, a22}}

M
(2)
A ⇒ {∅} ⇒ {{b11, b21}} ⇒ {{b11, b21, b31}}

M
(3)
A ⇒ {∅} ⇒ {{c21}}

M
(4)
A ⇒ {∅} .

The M
(3)
A set is empty in the beginning. Since Y

(3)
A is empty, only a set containing

(unmatched) attribute c21 is added to M
(3)
A . The M (4)

A set remains empty because Y (4) is
empty and the only class in M

(4)
E (D3∈M

(4)
E ) has no attributes.

5.3. Associations Matching

The next step in the matching process is the associations matching step. In this step, it is
necessary to match associations between different input CDMs with respect to already
matched classes. For example, let us consider the result in the classes matching step
example, i.e. the list of sets of matched classes

ME = [{A1, A2, A3}, {B1, B2, B3}, {C2}, {D3}] .

In the associations matching step, it is necessary to create the sets of matched
associations for all combinations of sets of matched classes (M (i)

E and M
(j)
E for

i = 1, . . . ,m and i ≤ j ≤ m). If the list of sets of matched classes has m elements, then
the list of matched associations has to have m(m+ 1)/2 elements. In this example, since
m=4 and m(m+ 1)/2=10, it is necessary to create the list with ten elements, i.e.
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MR = [M
(1)(1)
R ,M

(1)(2)
R ,M

(1)(3)
R ,M

(1)(4)
R ,

M
(2)(2)
R ,M

(2)(3)
R ,M

(2)(4)
R ,M

(3)(3)
R ,M

(3)(4)
R ,M

(4)(4)
R ] .

The elements of the sets M
(i)(j)
R , where i ̸= j, should be the sets of matched

associations between the classes from sets M
(i)
E and M

(j)
E . For example, the M

(1)(2)
R

element should be the set of sets of matched associations between the classes from sets
M

(1)
E and M

(2)
E . Since the M

(1)
E set contains classes A1, A2, and A3, and the M

(2)
E set

contains classes B1, B2, and B3, then we must compare the associations between the
pair of classes (A1, B1) and the associations between the pair of classes (A2, B2) and
the associations between the pair of classes (A3, B3).

The elements of the sets M
(i)(i)
R should be sets of matched reflexive associations of

the classes from the M
(i)
E set. For example, the M

(1)(1)
R element should be the set of sets

of matched reflexive associations between the classes from set M (1)
E . Since the M

(1)
E set

contains classes A1, A2, and A3, then we must compare reflexive associations of the A1
class and reflexive associations of the A2 class and reflexive associations of the A3 class.

In order to produce the list of sets of sets of matched associations, we split the
associations matching step into two phases (similar to previous matching steps). In the
first phase (Algorithm 5), we only compare the associations and create a list of sets of
triplets (ra, rb, simR(ra, rb)), where simR(ra, rb) is the result of the comparison
(similarity coefficient) of the associations ra and rb. As mentioned earlier, if the list of
sets of matched classes has m elements, the YR list of sets of triplets
(ra, rb, simR(ra, rb)) has m(m + 1)/2 elements. In the beginning, each set Y (i)(j)

R is
initialized to an empty set, and then it is populated as follows. First, it is necessary to
find the pair of classes (eka

, ekb
) from the k-th input CDM such that eka

∈ M
(i)
E and

ekb
∈ M

(j)
E . Then, it is necessary to find all associations (R′

k) between that pair of
classes. The next step is to find the pair of classes (epa

, epb
) from the p-th input CDM

such that epa
∈M

(i)
E and epb

∈M
(j)
E . Here is also necessary to find all associations (R′

p)
between that pair of classes. Now, we can compare all associations from R′

k with all
associations from R′

p. If the value of the similarity coefficient is greater than or equal to
the defined threshold (thSR

), then the (ra, rb, simR(ra, rb)) triplet is added to the
Y

(i)(j)
R set. These steps are repeated for every possible combination of k and p, i.e. for

each input set of associations. All these steps represent the steps for the population of the
output set Y (i)(j)

R .
As described above, we compare only associations between already matched classes.

Let there be two associations from different CDMs, ra ∈Rk and rb ∈Rp. Let ra be an
association between the classes eka

∈Ek ∧ eka
∈M

(i)
E and ekb

∈Ek ∧ ekb
∈M

(j)
E , and let

rb be an association between the classes epa ∈Ep∧epa ∈M
(i)
E and epb

∈Ep∧epb
∈M

(j)
E .

This means that one end of the first association is a class matched with a class that is
one end of the second association (both classes are in the M

(i)
E set). Also, the other end

of the first association is a class matched with a class that is the other end of the second
association (both classes are in the M

(j)
E set). The value of the similarity coefficient for

such two associations (and we only compare associations between the pairs of matched
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classes) is determined based on associations’ names and constraints (cardinalities and
participation constraints), i.e.

simR(ra, rb) = synt s(name(ra), name(rb)) · (1−Wcard −Wpc)

+ ceq(ra, rb) ·Wcard + peq(ra, rb) ·Wpc ,
(10)

where ceq(ra, rb)∈{0, 1} checks whether the cardinalities of associations are equal, i.e.

ceq(ra, rb) =



1, (type(source(ra)) ∈ M
(i)
E ∧ type(source(rb)) ∈ M

(i)
E

∨type(source(ra)) ∈ M
(j)
E ∧ type(source(rb)) ∈ M

(j)
E )

∧upper(source(ra)) = upper(source(rb))

∧upper(target(ra)) = upper(target(rb))

∨
(type(source(ra)) ∈ M

(i)
E ∧ type(source(rb)) ∈ M

(j)
E

∨type(source(ra)) ∈ M
(j)
E ∧ type(source(rb)) ∈ M

(i)
E )

∧upper(source(ra)) = upper(target(rb))

∧upper(target(ra)) = upper(source(rb))

0, otherwise

, (11)

Algorithm 5 The first phase of the associations matching step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ]

Ensure: YR = [Y
(1)(1)
R , . . . , Y

(1)(m)
R , Y

(2)(2)
R , . . . , Y

(2)(m)
R , . . . Y

(m)(m)
R ]

1: for i = 1, . . . ,m do
2: for j = i, . . . ,m do
3: Y

(i)(j)
R ← ∅

4: for k = 1, . . . , n− 1 do
5: eka ← e : e ∈ Ek ∧ e ∈M

(i)
E ; ekb ← e : e ∈ Ek ∧ e ∈M

(j)
E

6: R′
k ← {r : r ∈ Rk ∧ (source(r) = eka ∧ target(r) = ekb∨

7: source(r) = ekb ∧ target(r) = eka)}
8: for all ra ∈ R′

k do
9: for p = k + 1, . . . , n do

10: epa ← e : e ∈ Ep ∧ e ∈M
(i)
E ; epb ← e : e ∈ Ep ∧ e ∈M

(j)
E

11: R′
p ← {r : r ∈ Rp ∧ (source(r) = epa ∧ target(r) = epb∨

12: source(r) = epb ∧ target(r) = epa)}
13: for all rb ∈ R′

p do
14: simab ← simR(ra, rb)
15: if simab ≥ thSR then
16: Y

(i)(j)
R ← Y

(i)(j)
R ∪ {(ra, rb, simab)}

17: end if
18: end for
19: end for
20: end for
21: end for
22: end for
23: end for
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peq(ra, rb)∈{0, 1} checks whether the participation constraints are equal, i.e.

peq(ra, rb) =



1, (type(source(ra)) ∈ M
(i)
E ∧ type(source(rb)) ∈ M

(i)
E

∨type(source(ra)) ∈ M
(j)
E ∧ type(source(rb)) ∈ M

(j)
E )

∧lower(source(ra)) = lower(source(rb))

∧lower(target(ra)) = lower(target(rb))

∨
(type(source(ra)) ∈ M

(i)
E ∧ type(source(rb)) ∈ M

(j)
E

∨type(source(ra)) ∈ M
(j)
E ∧ type(source(rb)) ∈ M

(i)
E )

∧lower(source(ra)) = lower(target(rb))

∧lower(target(ra)) = lower(source(rb))

0, otherwise

, (12)

and Wcard and Wpc are the empirically determined coefficients (0 ≤ Wcard +Wpc ≤ 1).

The combination of linguistic matching (names) and constraint-based matching
(cardinalities and participation constraints) makes the associations matching, also, a
hybrid technique.

In the second phase (Algorithm 6), it is necessary to produce the list of sets of sets of
matched associations based on the results from the first phase. The output list MR has
the same number of elements as the input list YR, i.e. m(m + 1)/2 (this corresponds to
every combination of sets of the list ME). The TR set is a utility set of unmatched
associations between the corresponding pairs of classes from the sets M

(i)
E and M

(j)
E

(when an association is matched it is then removed from this set). Each element M (i)(j)
R

of the output list MR is created from the corresponding set Y
(i)(j)
R of triplets

(ra, rb, simR(ra, rb)) as follows. First, it is necessary to find the triplet
(ra, rb, simR(ra, rb)) in the Y

(i)(j)
R set with the highest value of similarity. The found

triplet is removed from the Y
(i)(j)
R set (in the next iteration of the while loop, the next

triplet must be considered). Now, it is necessary to check if any of the associations, ra or
rb, has already been matched with other associations. If neither of the current
associations is already matched with other associations (ra ∈ TR ∧ rb ∈ TR), then the
given associations ra and rb form a new set of matched associations that is added to the
M

(i)(j)
R set. If one of the associations is already matched with other associations, i.e. if

there exists a set mrt∈M
(i)(j)
R such that ra∈mrt or rb∈mrt, then it is necessary to add

other association to the same set (if this does not break the rule that the set must not
contain multiple associations from the same input CDM). Otherwise, if both associations
are already matched, but not together (they are in different sets), then those sets can be
joined (if this does not break the rule that the set must not contain multiple associations
from the same input CDM). Finally, all unmatched associations are added to separate
(single element) new sets – unmatched associations from each input CDM between the
corresponding classes in sets M (i)

E and M
(j)
E are added to separate new sets of the output

set M (i)(j)
R .
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Algorithm 6 The second phase of the associations matching step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ] YR = [Y

(1)(1)
R , . . . , Y

(1)(m)
R , Y

(2)(2)
R , . . . , Y

(m)(m)
R ]

Ensure: MR = [M
(1)(1)
R , . . . ,M

(1)(m)
R ,M

(2)(2)
R , . . . ,M

(2)(m)
R , . . . ,M

(m)(m)
R ]

1: for all Y (i)(j)
R ∈ YR do

2: M
(i)(j)
R ← ∅ ; TR ← ∅

3: for k = 1, . . . , n do
4: eka ← e : e ∈ Ek ∧ e ∈M

(i)
E ; ekb ← e : e ∈ Ek ∧ e ∈M

(j)
E

5: TR ← TR ∪ {r : r ∈ Rk ∧ (source(r) = eka ∧ target(r) = ekb∨
6: source(r) = ekb ∧ target(r) = eka)}
7: end for
8: while Y

(i)(j)
R ̸= ∅ do

9: (ra, rb, simR(ra, rb))← maxsim(Y
(i)(j)
R )

10: Y
(i)(j)
R ← Y

(i)(j)
R \ {(ra, rb, simR(ra, rb))}

11: if ra ∈ TR ∧ rb ∈ TR then
12: M

(i)(j)
R ←M

(i)(j)
R ∪ {{ra, rb}} ; TR ← TR \ {ra, rb}

13: else if ra ∈ TR then
14: mr ← mrt : mrt ∈M

(i)(j)
R ∧ rb ∈ mrt ; Rt ← Rk : ra ∈ Rk

15: if mr ∩Rt = ∅ then
16: mr ← mr ∪ {ra} ; TR ← TR \ {ra}
17: end if
18: else if rb ∈ TR then
19: mr ← mrt : mrt ∈M

(i)(j)
R ∧ ra ∈ mrt ; Rt ← Rk : rb ∈ Rk

20: if mr ∩Rt = ∅ then
21: mr ← mr ∪ {rb} ; TR ← TR \ {rb}
22: end if
23: else
24: mra ← mrt : mrt ∈M

(i)(j)
R ∧ ra ∈ mrt

25: mrb ← mrt : mrt ∈M
(i)(j)
R ∧ rb ∈ mrt

26: found← false
27: for all Rk : k = 1, . . . , n do
28: if Rk ∩mra ̸= ∅ ∧Rk ∩mrb ̸= ∅ then
29: found← true
30: end if
31: end for
32: if ¬found then
33: mra ← mra ∪mrb ; M

(i)(j)
R ←M

(i)(j)
R \ {mrb}

34: end if
35: end if
36: end while
37: for all r ∈ TR do
38: M

(i)(j)
R ←M

(i)(j)
R ∪ {{r}}

39: end for
40: end for

Example. Continuing the example from previous subsections, here we need to produce
the list of sets of sets of matched associations. In order to do that, first we need to compare
the associations and create a list of ten (m = |ME | = 4 ⇒ m(m + 1)/2 = 10) sets of
similarity triplets, i.e.
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YR = [Y
(1)(1)
R , Y

(1)(2)
R , Y

(1)(3)
R , Y

(1)(4)
R ,

Y
(2)(2)
R , Y

(2)(3)
R , Y

(2)(4)
R , Y

(3)(3)
R , Y

(3)(4)
R , Y

(4)(4)
R ] .

To populate the Y
(1)(2)
R set we need to compare the associations between the pairs of

classes (A1, B1), (A2, B2), and (A3, B3), i.e. associations Z1, Z2, Y 2, and Z3. Other
sets of similarity triplets will remain empty because there are no reflexive associations
and sets M (3)

E and M
(4)
E contain only a single class.

Let us assume the following output of the first phase (elements in the sets are shown
in a supposed descending order by the value of the similarity coefficient):

Y
(1)(1)
R =Y

(1)(3)
R = Y

(1)(4)
R = {∅},

Y
(1)(2)
R ={(Z1, Z2, simR(Z1, Z2)), (Z1, Z3, simR(Z1, Z3)),

(Z2, Z3, simR(Z2, Z3)), (Z1, Y 2, simR(Z1, Y 2))},

Y
(2)(2)
R =Y

(2)(3)
R = Y

(2)(4)
R = Y

(3)(3)
R = Y

(3)(4)
R = Y

(4)(4)
R = {∅} .

In the second phase of the algorithm, we create the output list of sets of sets of matched
associations MR, where each M

(i)(j)
R is created from the Y

(i)(j)
R set of similarity triplets.

The following lines describe the population of each set M (i)(j)
R ∈MR.

M
(1)(2)
R ⇒ {∅} ⇒ {{Z1, Z2}} ⇒ {{Z1, Z2, Z3}} ⇒ {{Z1, Z2, Z3}, {Y 2}},

M
(1)(3)
R ⇒ {∅} ⇒ {{X2}},

M
(1)(1)
R ,M

(1)(4)
R ,M

(2)(2)
R ,M

(2)(3)
R ,M

(2)(4)
R ,M

(3)(3)
R ,M

(3)(4)
R ,M

(4)(4)
R ⇒ {∅} .

The M
(1)(3)
R set is empty in the beginning. Since Y

(1)(3)
R is an empty set, only a set

containing (unmatched) association X2 is added to the M
(1)(3)
R set. The sets M

(1)(1)
R ,

M
(1)(4)
R , M (2)(2)

R , M (2)(3)
R , M (2)(4)

R , M (3)(3)
R , M (3)(4)

R , and M
(4)(4)
R remain empty because

there are no respective associations in the input CDMs.

5.4. Generalizations Matching

The generalizations matching step is similar to the associations matching step, with the
exception that there can be only one generalization between two classes. The
generalizations matching step is, also, split into two phases.

In the first phase (Algorithm 7), we create a list of sets of triplets
(ga, gb, simG(ga, gb)), where simG(ga, gb) is the result of the comparison (similarity
coefficient) of the generalizations ga and gb. If the list of sets of matched classes has m
elements, then the YG list of sets of triplets (ga, gb, simG(ga, gb)) has m(m − 1)/2
elements because it is necessary to create the sets of matched generalizations for all
combinations of sets of matched classes (M (i)

E and M
(j)
E for i = 1, . . . ,m − 1 and

i < j ≤ m). The number of elements of the output list for generalizations is less than the
number of elements of the output list for associations because we had to take into
account reflexive associations.
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Algorithm 7 The first phase of the generalizations matching step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ]

Ensure: YG = [Y
(1)(2)
G , . . . , Y

(1)(m)
G , Y

(2)(3)
G , . . . , Y

(2)(m)
G , . . . , Y

(m−1)(m)
G ]

1: for i = 1, . . . ,m− 1 do
2: for j : i+ 1, . . . ,m do
3: Y

(i)(j)
G ← ∅

4: for k = 1, . . . , n− 1 do
5: eka ← e : e ∈ Ek ∧ e ∈M

(i)
E ; ekb ← e : e ∈ Ek ∧ e ∈M

(j)
E

6: ga ← g : g ∈ Gk ∧ (specific(g) = eka ∧ general(g) = ekb∨
7: specific(g) = ekb ∧ general(g) = eka)
8: for p = k + 1, . . . , n do
9: epa ← e : e ∈ Ep ∧ e ∈M

(i)
E ; epb ← e : e ∈ Ep ∧ e ∈M

(j)
E

10: gb ← g : g ∈ Gp ∧ (specific(g) = epa ∧ general(g) = epb∨
11: specific(g) = epb ∧ general(g) = epa)
12: simab ← simG(ga, gb)
13: if simab ≥ thSG then
14: Y

(i)(j)
G ← Y

(i)(j)
G ∪ {(ga, gb, simab)}

15: end if
16: end for
17: end for
18: end for
19: end for

In the beginning, each set Y (i)(j)
G is initialized to an empty set, and then it is populated

as follows. First, we need to find a pair of classes (eka
, ekb

) from CDMk such that eka
∈

M
(i)
E and ekb

∈M
(j)
E , and then we need to find the generalization (ga) between that pair

of classes. Then, we need to find a pair of classes (epa
, epb

) from CDMp such that epa
∈

M
(i)
E and epb

∈M
(j)
E , and then we, also, need to find the generalization (gb) between that

pair of classes. Now, we can compare generalization ga with the generalization gb, and add
the (ga, gb, simG(ga, gb)) triplet to the Y (i)(j)

G set if the value of the similarity coefficient
is greater than or equal to the defined threshold (thSG

). These steps are repeated for every
combination of k and p, i.e. for each input set of generalizations. All these steps represent
the steps for the population of the output set Y (i)(j)

G .
As described above, we compare only generalizations between already matched

classes. Let there be two generalizations from different CDMs, ga∈Gk and gb∈Gp. Let
ga be a generalization between the classes eka

∈ Ek ∧ eka
∈ M

(i)
E and

ekb
∈ Ek ∧ ekb

∈ M
(j)
E , and let gb be a generalization between the classes

epa
∈Ep ∧ epa

∈M
(i)
E and epb

∈Ep ∧ epb
∈M

(j)
E . The value of the similarity coefficient

for such two generalizations is determined only based on the direction, i.e.

simG(ga, gb) =


1, specific(ga) ∈ M

(i)
E ∧ specific(gb) ∈ M

(i)
E

∨
specific(ga) ∈ M

(j)
E ∧ specific(gb) ∈ M

(j)
E

0, otherwise

. (13)
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In the second phase (Algorithm 8), it is necessary to produce a list of sets of matched
generalizations based on the results from the first phase. The output list MG has the same
number of elements as the input list YG, i.e. m(m− 1)/2.

Algorithm 8 The second phase of the generalizations matching step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ] YG = [Y

(1)(2)
G , . . . , Y

(1)(m)
G , Y

(2)(3)
G , . . . , Y

(m−1)(m)
G ]

Ensure: MG = [M
(1)(2)
G , . . . ,M

(1)(m)
G ,M

(2)(3)
G , . . . ,M

(2)(m)
G , . . . ,M

(m−1)(m)
G ]

1: for all Y (i)(j)
G ∈ YG do

2: M
(i)(j)
G ← ∅ ; TG ← ∅

3: for k = 1, . . . , n do
4: eka ← e : e ∈ Ek ∧ e ∈M

(i)
E ; ekb ← e : e ∈ Ek ∧ e ∈M

(j)
E

5: TG ← TG ∪ {g : g ∈ Gk ∧ (specific(g) = eka ∧ general(g) = ekb∨
6: specific(g) = ekb ∧ general(g) = eka)}
7: end for
8: while Y

(i)(j)
G ̸= ∅ do

9: (ga, gb, simG(ga, gb))← maxsim(Y
(i)(j)
G )

10: Y
(i)(j)
G ← Y

(i)(j)
G \ {(ga, gb, simG(ga, gb))}

11: if ga ∈ TG ∧ gb ∈ TG then
12: M

(i)(j)
G ←M

(i)(j)
G ∪ {{ga, gb}} ; TG ← TG \ {ga, gb}

13: else if ga ∈ TG then
14: mg ← mgt : mgt ∈M

(i)(j)
G ∧ gb ∈ mgt ; Gt ← Gk : ga ∈ Gk

15: if mg ∩Gt = ∅ then
16: mg ← mg ∪ {ga} ; TG ← TG \ {ga}
17: end if
18: else if gb ∈ TG then
19: mg ← mgt : mgt ∈M

(i)(j)
G ∧ ga ∈ mgt ; Gt ← Gk : gb ∈ Gk

20: if mg ∩Gt = ∅ then
21: mg ← mg ∪ {gb} ; TG ← TG \ {gb}
22: end if
23: else
24: mga ← mgt : mgt ∈M

(i)(j)
G ∧ ga ∈ mgt

25: mgb ← mgt : mgt ∈M
(i)(j)
G ∧ gb ∈ mgt

26: found← false
27: for all Gk : k = 1, . . . , n do
28: if Gk ∩mga ̸= ∅ ∧Gk ∩mgb ̸= ∅ then
29: found← true
30: end if
31: end for
32: if ¬found then
33: mga ← mga ∪mgb ; M

(i)(j)
G ←M

(i)(j)
G \ {mgb}

34: end if
35: end if
36: end while
37: for all g ∈ TG do
38: M

(i)(j)
G ←M

(i)(j)
G ∪ {{g}}

39: end for
40: end for
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Each element M (i)(j)
G of the output list MG is created from the corresponding set

Y
(i)(j)
G of triplets (ga, gb, simG(ga, gb)) as follows. First, it is necessary to find the

(ga, gb, simG(ga, gb)) triplet in the Y
(i)(j)
G set with the highest value of similarity. The

found triplet is removed from the Y
(i)(j)
G set (in the next iteration of the while loop, the

next triplet must be considered). Then, it is necessary to check if any of the
generalizations, ga or gb, has already been matched with other generalizations. If neither
of the current generalizations is already matched with other generalizations
(ga ∈ TG ∧ gb ∈ TG), then given generalizations ga and gb form a new set of matched
generalizations that is added to the M

(i)(j)
G set. If one of the generalizations is already

matched with other generalizations, i.e. if there exists set mgt ∈ M
(i)(j)
G such that

ga ∈mgt or gb ∈mgt, then it is necessary to add other generalization to the same set (if
this does not break the rule that the set must not contain multiple generalizations from
the same input CDM). Otherwise, if both generalizations are already matched, but not
together (they are in different sets), then those sets can be joined (if this does not break
the rule that the set must not contain multiple generalizations from the same input
CDM). Finally, all unmatched generalizations are added to separate (single element) new
sets – unmatched generalizations from each input CDM between the corresponding
classes in sets M (i)

E and M
(j)
E are added to separate new sets of the output set M (i)(j)

G .
Due to the article length and the similarity of the generalizations matching step to

the associations matching step (there can be only one generalization between two classes,
while there can be more than one association between two classes) we do not provide an
example for the generalizations matching step.

6. Schema Merging

The merging process is the process of creating a new integrated CDM
(CDMO = CDM(PO, EO, RO, GO)) based on the mappings discovered in the
matching process.

6.1. Primitive types

The creation of primitive types is the pre-step in the merging process, and it is a rather
simple one. The PO set of primitive types of the integrated CDM is a union of primitive
types of the input CDMs, i.e.

PO = ∪n
i=1Pi . (14)

For example, the set of primitive types of the integrated CDM in the sample used in
the previous section is

PO = ∪3
i=1Pi = P1 ∪ P2 ∪ P3 = {Text} .

6.2. Classes

The merging process starts with the classes (Algorithm 9) as the root elements of the
CDM. The input in the classes merging step is the output of the classes matching step, i.e.
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the list of sets of matched classes ME = [M
(1)
E , . . . ,M

(m)
E ]. Each set M (i)

E of matched
classes is a candidate to be mapped into the class in the integrated CDM. The M

(i)
E set is

mapped into the eo∈EO class if at least one of the following criteria is met:

– the number of elements in the M
(i)
E set is equal to the number of input CDMs

(|M (i)
E | = n), meaning this set contains a class from each input CDM, or

– the M
(i)
E set contains a class from an input CDM with the effectiveness for classes

greater than or equal to the defined threshold (e ∈ M
(i)
E ∧ e ∈ Ej ∧ FEj

≥ thFE
),

meaning the set contains a class from an input CDM with the acceptable effectiveness
for classes, or

– the M
(i)
E set contains a relevant class. A class is said to be relevant if its relevance

coefficient is greater than or equal to the defined threshold (thRE
).

The relevance coefficient of the e ∈ Ej class is determined based on its attributes,
associations, and generalizations, i.e.

relE(e) = |attrs(e)| ·RWA

+ (|{r : r ∈ Rj ∧ (source(r) = e ∨ target(r) = e)}|
+ |{g : g ∈ Gj ∧ (specific(g) = e ∨ general(g) = e)}|) ·RWR ,

(15)

where RWA and RWR represent empirically determined weight coefficients for
attributes and relationships (associations and generalizations), respectively. The value of
the relevance coefficient is not normalized.

Algorithm 9 The classes merging step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ]

Ensure: IE = [I
(1)
E , . . . , I

(m)
E ]

Ensure: EO

1: EO ← ∅
2: for all M (i)

E ∈ME do
3: cr met← false
4: if |M (i)

E | = n then
5: cr met← true
6: else
7: for all e ∈M

(i)
E do

8: if e ∈ Ej ∧ FEj ≥ thFE ∨ relE(e) ≥ thRE then
9: cr met← true

10: end if
11: end for
12: end if
13: if cr met then
14: eo ← new class() ; e′ ← maxFE (M

(i)
E )

15: name(eo)← name(e′) ; EO ← EO ∪ {eo} ; I
(i)
E ← eo

16: else
17: I

(i)
E ← ∅

18: end if
19: end for
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The name of the class (if created) is inherited from a class from CDM with the highest
effectiveness for classes. Besides the set of classes of integrated CDM (EO), the output of
the algorithm is a list of indicators of created classes, where I

(i)
E is the class created from

the M
(i)
E set or I(i)E = ∅ if the M

(i)
E set is not mapped into a class.

Example. The classes merging step will be illustrated using the result from the example
of the classes matching step, i.e., the following list of sets of matched classes

ME = [{A1, A2, A3}, {B1, B2, B3}, {C2}, {D3}] .

The output of the classes merging step, is the list of indicators of created classes

IE = [I
(1)
E , I

(2)
E , I

(3)
E , I

(4)
E ] .

First, we consider the set M (1)
E = {A1, A2, A3}. The number of elements in this

set is equal to the number of input CDMs (|{A1, A2, A3}| = 3), and we map this set
into a new class (AI) in the integrated CDM, and the indicator I(1)E is set to this class
(I(1)E = AI). If we assume that CDM1 has the highest effectiveness for classes, then
a new class in the integrated CDM inherits the name from the class A1 (A1 ∈ E1), i.e.
name(AI) = name(A1).

Similarly, the next set M (2)
E is also mapped into a new class (BI) in the integrated

CDM and the I
(2)
E indicator is set to this class (I(2)E = BI). However, the number of

elements in the third set is less than the number of input CDMs (|{C2}| = 1 < 3). If
we assume that the effectiveness for classes of the second CDM is greater than or equal
to the threshold (thFE

), or if the C2 class is relevant (it does have an attribute and an
association), then this set is also mapped into a new class (CI) in the integrated CDM,
and the I

(3)
E indicator is set to this class (I(3)E = CI). Of course, the CI class inherits the

name from the C2 class, i.e. name(CI) = name(C2).
The number of elements in the fourth set is also less than the number of input CDMs

(|{D3}| = 1 < 3). If we assume that the effectiveness for classes of the third CDM
is less than the threshold (thFE

), and if the D3 class is not relevant (it does not have
any attributes nor associations), then this set is not mapped into a new class and the I

(4)
E

indicator is unset (I(4)E = ∅).
Considering all of the above, we have IE = [AI,BI,CI, ∅] and

EO = {AI,BI,CI}. Figure 4 shows the partial result of the integration task after the
classes merging step.

Fig. 4. Partial result of the integration task after the classes merging step
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6.3. Attributes

The input in the attributes merging step (Algorithm 10) is the result of the attributes
matching step (i.e. the list of sets of sets of matched attributes MA = [M

(1)
A , . . . ,M

(m)
A ])

and the result of the classes merging step (i.e. the list of class indicators
IE = [I

(1)
E , . . . , I

(m)
E ]). The input is also the list of sets of matched classes

ME = [M
(1)
E , . . . ,M

(m)
E ].

In this step, it is necessary to create attributes for the classes that are already created in
the integrated CDM, i.e. if I(i)E is a class (I(i)E ̸=∅) then it is necessary to create attributes
for this class based on the set of sets of matched attributes M (i)

A .
Each set of matched attributes maj ∈ M

(i)
A is a candidate to be mapped into the

attribute of the class I(i)E ̸=∅. The maj set is mapped into the attribute ato∈attrs(I
(i)
E ) if

at least one of the following criteria is met:
– the number of elements in the maj set is equal to the number of input CDMs (|maj | =
n), meaning this set contains an attribute from a class from each input CDM (this is
possible only if |M (i)

E | = n), or
– the maj set contains an attribute from a class from CDM with the effectiveness for

attributes greater than or equal to the defined threshold (at∈maj∧at∈attrs(e)∧e∈
Ek∧FAk

≥ thFA
), meaning the set contains an attribute of the class from input CDM

with the acceptable effectiveness for attributes.

Algorithm 10 The attributes merging step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ]

Require: IE = [I
(1)
E , . . . , I

(m)
E ]

Require: MA = [M
(1)
A , . . . ,M

(m)
A ]

1: for all I(i)E ∈ IE do
2: if I(i)E ̸= ∅ then
3: for all maj ∈M

(i)
A do

4: cr met← false
5: if |maj | = n then
6: cr met← true
7: else
8: for all at ∈ maj do
9: if at ∈ attrs(e) ∧ e ∈ Ek ∧ FAk ≥ thFA then

10: cr met← true
11: end if
12: end for
13: end if
14: if cr met then
15: ato ← new attribute() ; at′ ← maxFA(maj)
16: name(ato)← name(at′) ; type(ato)← type(at′)

17: attrs(I
(i)
E )← attrs(I

(i)
E ) ∪ {ato}

18: end if
19: end for
20: end if
21: end for
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The name and the type of the attribute (if created) are inherited from the attribute of the
class from the CDM with the highest effectiveness for attributes.

Example. In this example we need to create attributes for classes in the integrated CDM.
The attributes of the class I

(i)
E ̸= ∅ are created from the set of sets of matched attributes

M
(i)
A . Each set in the M (i)

A set is a candidate to be mapped into an attribute (if the criteria
is met).

First, we consider the class I
(1)
E = AI and the set of sets of matched attributes

M
(1)
A = {{a11, a21, a31}, {a12, a22}}. The first set in M

(1)
A contains three elements,

which is equal to the number of the input CDMs (|{a11, a21, a31}| = 3), thus this set is
mapped into the a1 attribute of the AI class. If we assume that CDM1 has the highest
effectiveness for attributes, then the a1 attribute of the AI class inherits the name and
type from the a11 attribute which is an attribute of the A1 class from CDM1, i.e.
name(a1) = name(a11) and type(a1) = type(a11).

The second set in M
(1)
A contains two elements (|{a12, a22}| = 2). We already

assumed that CDM1 has the highest effectiveness for attributes. If we further assume
that the effectiveness for attributes of CDM1 is greater than or equal to the threshold
(thFA

), then this set is also mapped into an attribute (a2) of the AI class. The a2
attribute of the AI class inherits the name and type from the a12 attribute which is an
attributes of the A1 class from CDM1, i.e. name(a2) = name(a12) and
type(a2) = type(a12).

Now, we come to the class I(2)E = BI and the set of sets of matched attributes M (2)
A =

{{b11, b21, b31}}. The only set of matched attributes in the M
(2)
A set is mapped into an

attribute (b1) of the BI class because |{b11, b21, b31}| = 3.

Finally, we come to the class I
(3)
E = CI and the set of sets of matched attributes

M
(3)
A = {{c21}}. The M (3)

A set contains only one set of matched attributes ({c21}). This
set has only one attribute (|{c21}| = 1). If we assume that the effectiveness for attributes
of CDM2 is also greater than or equal to the threshold (thFA

), then the {c21} set is also
mapped into an attribute (c1) of the CI class. Also, the c1 attribute inherits the name and
type from the c21 attribute, i.e. name(c1) = name(c21) and type(c1) = type(c21).

Considering all of the above, we have attrs(AI) = {a1, a2}, attrs(BI) = {b1}, and
attrs(CI) = {c1}. The partial result of the integration task (after the attributes merging
step) is shown in Fig. 5.

Fig. 5. Partial result of the integration task after the attributes merging step
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6.4. Associations

The input in the associations merging step (Algorithm 11) is the result of the associations
matching step (i.e. the list of sets of sets of matched associations MR) and the result of
the classes merging step (i.e. the list of class indicators IE). The input is also the list of
sets of matched classes ME .

In this step, it is necessary to create associations between the classes that are already
created in the integrated CDM, i.e. if I(i)E and I

(j)
E are classes (I(i)E ̸=∅∧I

(j)
E ̸=∅) then it is

necessary to create associations between those classes based on the set of sets of matched
associations M (i)(j)

R .

Algorithm 11 The associations merging step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ]

Require: IE = [I
(1)
E , . . . , I

(m)
E ]

Require: MR = [M
(1)(1)
R , . . . ,M

(1)(m)
R ,M

(2)(2)
R , . . . ,M

(2)(m)
R , . . . ,M

(m)(m)
R ]

Ensure: RO

1: for all M (i)(j)
R ∈MR do

2: if I(i)E ̸= ∅ ∧ I
(j)
E ̸= ∅ then

3: for all mrk ∈M
(i)(j)
R do

4: cr met← false
5: if |mrk| = n then
6: cr met← true
7: else
8: for all r ∈ mrk do
9: if r ∈ Rp ∧ FRp ≥ thFR then

10: cr met← true
11: end if
12: end for
13: end if
14: if cr met then
15: ro ← new association() ; r′ ← maxFR(mrk)
16: name(ro)← name(r′)
17: lower(source(ro))← lower(source(r′))
18: upper(source(ro))← upper(source(r′))
19: lower(target(ro))← lower(target(r′))
20: upper(target(ro))← upper(target(r′))

21: if type(source(r′)) ∈M
(i)
E ∧ type(target(r′)) ∈M

(j)
E then

22: type(source(ro))← I
(i)
E ; type(target(ro))← I

(j)
E

23: else if type(source(r′)) ∈M
(j)
E ∧ type(target(r′)) ∈M

(i)
E then

24: type(source(ro))← I
(j)
E ; type(target(ro))← I

(i)
E

25: end if
26: RO ← RO ∪ {ro}
27: end if
28: end for
29: end if
30: end for
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Each set of matched associations mrk ∈M
(i)(j)
R is a candidate to be mapped into the

association between the classes I(i)E ̸= ∅ and I
(j)
E ̸= ∅. The set mrk ∈M

(i)(j)
R is mapped

into the association ro∈RO if at least one of the following criteria is met:
– the number of elements in the set mrk ∈ M

(i)(j)
R is equal to the number of input

CDMs (|mrk| = n), meaning this set contains an association from each input CDM
(this is possible only if |M (i)

E | = |M (j)
E | = n), or

– the set mrk∈M
(i)(j)
R contains an association from the CDM with the effectiveness for

associations greater than or equal to the defined threshold (r∈mrk ∧ r∈Rp ∧FRp
≥

thFR
), meaning the set contains an association from input CDM with the acceptable

effectiveness for associations.

The name and the association end multiplicities (if created) are inherited from the
association from CDM with the highest effectiveness for associations.

Example. Using the result of the associations matching step, in the associations merging
step we need to create associations in the integrated CDM.

Let us recall the result of the classes merging step

IE = [AI,BI,CI, ∅] .

Since I
(4)
E = ∅, then sets M

(1)(4)
R , M (2)(4)

R , M (3)(4)
R , and M

(4)(4)
R are automatically

eliminated. The sets M (1)(1)
R , M (2)(2)

R , M (2)(3)
R , and M

(3)(3)
R are considered, but those sets

are empty (meaning there are no candidate sets to be mapped into associations).
Non-empty sets are M

(1)(2)
R and M

(1)(3)
R . The M

(1)(2)
R set contains two sets of

matched associations between the corresponding pairs of classes from M
(1)
E and M

(2)
E .

The number of the elements in the first set is equal to the number of input CDMs
(|{Z1, Z2, Z3}| = 3), thus this set is mapped into an association (ZI) between the
classes AI and BI in the integrated CDM. Assuming that CDM1 has the highest
effectiveness for associations, the ZI association inherits the name and end multiplicities
from the Z1 association. Further, if we assume that the A1 class is the source end of Z1
and the B1 class is the target end of Z1, then we have

name(ZI) = name(Z1), source(ZI) = AI, target(ZI) = BI,

lower(source(ZI)) = 1, upper(source(ZI)) = 1,

lower(target(ZI)) = 0, upper(target(ZI)) = ∞ .

The second set of the M
(1)(2)
R set contains only one element (|{Y 2}| = 1). If we

assume that CDM2 has the effectiveness for associations greater than or equal to the
threshold (thFR

), then this set is also mapped into an association (Y I) between the
classes AI and BI in the integrated CDM. The Y I association inherits the name and end
multiplicities from the Y 2 association. If we assume that the B2 class is the source end
of Y 2 and the A2 class is the target end of Y 2 (opposite from the case with Z1), then we
have

name(Y I) = name(Y 2), source(Y I) = BI, target(Y I) = AI,

lower(source(Y I)) = 0, upper(source(Y I)) = ∞,

lower(target(Y I)) = 0, upper(target(Y I)) = 1 .
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Finally, we come to the set M (1)(3)
R = {{X2}}, which contains only one set of

matched associations ({X2}). This set has only one association (|{X2}| = 1). We
already assumed that the effectiveness for associations for CDM2 is greater than or
equal to the threshold (thFR

), meaning that the {X2} set is also mapped into an
association (XI) in the integrated CDM. If we assume that the A2 class is the source end
of X2 and the C2 class is the target end of X2, then we have

name(XI) = name(X2), source(XI) = AI, target(XI) = CI,

lower(source(XI)) = 1, upper(source(XI)) = 1,

lower(target(XI)) = 0, upper(target(XI)) = ∞ .

Considering all of the above, we have RO = {ZI, Y I,XI}. The result of the
integration task (after the associations merging step) is shown in Fig. 6.

Fig. 6. Result of the integration task after the associations merging step

6.5. Generalizations

In this step it is necessary to create generalizations between the classes that are already
created in the integrated CDM. The input in the generalizations merging step
(Algorithm 12) is the result of the generalizations matching step (i.e. the list of sets of
sets of matched generalizations MG), the result of the classes merging step (i.e. the list
of class indicators IE), as well as the list of sets of matched classes ME .

Each set of matched generalizations mgk ∈ M
(i)(j)
G is a candidate to be mapped into

the generalization between the classes I(i)E ̸= ∅ and I
(j)
E ̸= ∅. The mgk set is mapped into

the generalization go ∈ GO if at least one of the following criteria is met:
– the number of elements in the mgk set is equal to the number of input CDMs

(|mgk| = n), meaning this set contains a generalization from each input CDM (this
is possible only if |M (i)

E | = |M (j)
E | = n), or

– the mgk set contains a generalization from CDM with the effectiveness for
generalizations greater than or equal to the defined threshold
(g ∈ mgk ∧ g ∈ Gp ∧ FGp

≥ thFG
), meaning the set contains a generalization from

input CDM with the acceptable effectiveness for generalizations.
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Algorithm 12 The generalizations merging step

Require: ME = [M
(1)
E , . . . ,M

(m)
E ]

Require: IE = [I
(1)
E , . . . , I

(m)
E ]

Ensure: MG = [M
(1)(2)
G , . . . ,M

(1)(m)
G ,M

(2)(3)
G , . . . ,M

(2)(m)
G , . . . ,M

(m−1)(m)
G ]

Ensure: GO

1: for all M (i)(j)
G ∈MG do

2: if I(i)E ̸= ∅ ∧ I
(j)
E ̸= ∅ then

3: for all mgk ∈M
(i)(j)
G do

4: cr met← false
5: if |mgk| = n then
6: cr met← true
7: else
8: for all g ∈ mgk do
9: if g ∈ Gp ∧ FGp ≥ thFG then

10: cr met← true
11: end if
12: end for
13: end if
14: if cr met then
15: go ← new generalization() ; g′ ← maxFG(mgk)

16: if specific(g′) ∈M
(i)
E ∧ general(g′) ∈M

(j)
E then

17: specific(go)← I
(i)
E ; general(go)← I

(j)
E

18: else if specific(g′) ∈M
(j)
E ∧ general(g′) ∈M

(i)
E then

19: specific(go)← I
(j)
E ; general(go)← I

(i)
E

20: end if
21: GO ← GO ∪ {go}
22: end if
23: end for
24: end if
25: end for

Due to the article length and the similarity of the generalizations merging step to
the associations merging step (there can be only one generalization between two classes,
while there can be more than one association between two classes) we do not provide an
example for the generalization merging step.

6.6. Tidying up

In the final step of the schema integration process, we create surrogate attributes, i.e.
attributes named id, for classes that do not already have an attribute named id and do not
have generalizations. If a class already has an attribute named id and it has
generalizations, then such attribute is removed from the class. Also, an operation named
PK which represents the primary key specification is added to classes that do not have
generalizations. Each PK operation has a single parameter named id (which corresponds
to a surrogate attribute of the class).
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7. Implemented Tool

This section presents the implemented tool named DBomnia3. DBomnia is the first online
web-based tool providing the functionality of CDM derivation from heterogeneous source
artifacts. Currently, DBomnia enables automatic CDM derivation from two different types
of source artifacts: textual specifications and collections of BPMs. Figure 7 shows the
architecture of the DBomnia tool, while Fig. 8 shows a screenshot of the tool in action.

The process of the CDM synthesis consists of four steps: (1) generation of the CDM
from the source collection of BPMs, (2) generation of the CDM from the input textual
specification, (3) integration of the generated CDMs, and (4) generation of the diagram
layout for the integrated CDM.

In the first step, the source collection of BPMs is sent to AMADEOS. AMADEOS
generates the corresponding CDM and responds with a JSON object containing the
generated CDM, execution status, etc. In the second step, the input textual specification
is sent to TexToData, which generates the corresponding CDM. TexToData also
responds with a JSON object containing generated CDM, error messages (if any), etc.

In the third step, DBomnia integrates the CDMs generated in the first two steps, by
applying the approach described in the previous sections. Then, in the fourth step, it sends
the integrated CDM to the Layouter service, which generates the corresponding diagram
layout. Layouter is the pre-existing service that provides the functionality of generating a
diagram layout for the input UML class diagram (or in our case, CDM represented by the
UML class diagram). Layouter responds with a file containing the generated layout.

Fig. 7. DBomnia architecture

3 http://m-lab.etf.unibl.org:8080/dbomnia
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Fig. 8. Screenshot of DBomnia in action

Finally, DBomnia prepares and returns the response – a JSON object containing the
integrated CDM, diagram layout, and status information.

The user interface of the client web application is separated into four tabs: Source
Artifacts, Conceptual Data Model, Relational Data Model, and DDL Script. Tab Source
Artifacts contains fields that allow users to input a textual specification and upload a
collection of source BPMs. Upon the user’s request (click on the Generate CDM button),
all source artifacts are sent to DBomnia. When the client web application receives the
JSON response, it visualizes4 the class diagram in the browser (in the Conceptual Data
Model tab). The visualized diagram is editable, so users can additionally improve it.

DBomnia also supports all the subsequent steps of forward database engineering,
from CDM to the target physical database, by employing CDM2RDM, RDM2DDL, and
DDL2DB services, as described in [53].

8. Evaluation

This section presents the evaluation of the approach and the tool on three case studies.
One case study-based evaluation is described in detail, while only the most significant
results are provided for the other two.

8.1. Environment Setup

This subsection provides concrete values of the estimated measures for input CDMs, as
well as empirically determined thresholds and weights used by the tool.

Table 1 shows estimated measures for input CDMs generated by AMADEOS and
estimated measures for input CDMs generated by TexToData. The measures for input

4 Implementation is based on the mxGraph library (https://jgraph.github.io/mxgraph/)
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Table 1. Values of estimated measures for input CDMs

Tool FE FA FR FG

AMADEOS 0.76 0.00 0.41 0.00
TexToData 0.70 0.72 0.30 1.00

CDMs generated by AMADEOS are experimentally determined [11], while measures for
input CDMs generated by TexToData are determined from case study-based evaluation.
AMADEOS is able to generate a highly complete CDM structure, but generates only
id attribute which represents the surrogate key in each entity type. TexToData is able to
generate CDMs of less complete and less correct structure but with a more complete set
of attributes in each entity type. Also, AMADEOS does not generate generalizations.

Table 2 shows threshold and weight values. To eliminate only minor typographical
errors, the Levenshtein distance threshold is set to 1. The weight of attributes in
similarity calculation for classes in the current environment (with AMADEOS and
TexToData) does not play any role, because AMADEOS does not generate attributes
(except for the surrogate key attribute id ignored in the integration task). Currently, for
the same reason, the value of the similarity threshold for attributes is irrelevant. To keep
the attributes generated by TexToData, the effectiveness threshold for attributes is lower
than the effectiveness measure for attributes for TexToData.

Although AMADEOS generates associations with lower precision than classes, the
CDM generated by AMADEOS is expected to be more precise and more complete than
the CDM generated by TexToData regarding associations. To increase the completeness
of the associations in the integrated CDM, the environment is set to keep unmatched
associations from both input CDMs. We consider two associations a match if their
cardinalities (upper values of the respective member ends) are equal or if their name
similarity is very high. We only compare the cardinalities because we expect that the
CDM generated by AMADEOS will be more precise than the CDM generated by
TexToData regarding the participation constraints.

On the other hand, in order to reduce the number of excessive classes, the
environment is set up to keep only relevant unmatched classes, i.e. the effectiveness
threshold for classes is greater than the effectiveness measure for classes for AMADEOS
and TexToData. Currently, an unmatched class is considered to be relevant if it has at
least one attribute or at least one association or if it participates in at least one
generalization (the relevance threshold for classes is set to one, while the weight of
attributes and weight of associations and generalizations is also set to one).

Since AMADEOS does not generate generalizations, we want to keep generalizations
generated by TexToData (the effectiveness threshold for generalizations is less than the
effectiveness measure for generalizations for TexToData).

Note that we provided concrete values for thresholds and weights. Since currently
there can be only two input CDMs (CDM generated by AMADEOS and CDM generated
by TexToData), other values can be set up to achieve the same result. For example, if
we want to keep only relevant unmatched classes from both CDMs, then the value of the
effectiveness threshold for classes can be any value in the segment (0.76, 1], i.e. any value
greater than the maximum of the effectiveness measure for classes for AMADEOS and
TexToData.
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Table 2. Values for thresholds and weights

Symbol Description Value

LD Levenshtein distance threshold 1
WA Weight of attributes in similarity calculation for classes 0.00

Wcard Weight of cardinalities in similarity calculation for associations 0.75
Wpc Weight of participation constraints in similarity calculation for associations 0.00
thSE Similarity threshold for classes 0.25
thSA Similarity threshold for attributes 1.00
thSR Similarity threshold for associations 0.20
thSG Similarity threshold for generalizations 1.00
thFE Effectiveness threshold for classes 0.80
thFA Effectiveness threshold for attributes 0.50
thFR Effectiveness threshold for associations 0.10
thFG Effectiveness threshold for generalizations 0.10
thRE Relevance threshold for classes 1.00
RWA Weight of attributes in relevance calculation for classes 1.00
RWR Weight of associations and generalizations in relevance calculation for classes 1.00

8.2. Case Study: Online Library

We evaluated the approach through the assessment of the CDM derived from a set of
heterogeneous source artifacts against the CDMs that are derived from sources of one
single type. Firstly, we prepared a sample source set of BPMs and a textual description of
the Online Library, as well as the reference (target) CDM (Fig. 9). Secondly, we evaluated
generated CDMs (CDM generated by AMADEOS from source BPMs, CDM generated
by TexToData from textual specification, and CDM generated by DBomnia) against the
reference CDM. Finally, we compared the results obtained by DBomnia against those
obtained by AMADEOS and TexToData.

Fig. 9. Reference CDM of the Online Library
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AMADEOS. The sample source set of BPMs (Fig. 10) represents two main processes in
the Online Library – Book Borrowing and Book Returning. In the first process: a member
creates a borrowing request for a copy of some book edition; a librarian registers the
borrowing and issues a book. In the second process: the member returns the borrowed
book, and the librarian registers the returned book.

Figure 11 shows the CDM derived from the source set of BPMs. When compared
against the reference CDM (Fig. 9):

1. all classes, four id attributes, and six associations
(BookEdition-CreateBookRequest-BookRequest,
BookRequest-RegisterBorrowing-Book Borrowed,
Member-CreateBookRequest-BookRequest,
Librarian-RegisterBorrowing-BookRequest,
Librarian-RegisteBorrowing-Book Borrowed,
Book-RegisterBorrowing-Book Borrowed) could be evaluated as correctly generated,

2. two id attributes and four associations (Librarian-RegisterReturnedBook-Book,
Librarian-ReceiveMessage BookRequest-BookRequest,
Member-SendMessage Book-Book, Member-ReceiveBook-Book Borrowed) could be
evaluated as surplus, and

Fig. 10. Sample set of BPMs: Book Borrowing (top), Book Returning (bottom)
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3. one class (LibraryUser), 18 attributes, both generalizations, and two associations
(BookEdition↔Book, and Librarian↔Book Borrowed that represents the returning
of the book) are missing in the generated CDM.
Table 3 shows the results of quantitative evaluation based on the previous discussion.

Fig. 11. CDM generated by AMADEOS based on the source set of BPMs

Table 3. Quantitative evaluation of the CDM generated by AMADEOS

Concept Nc Nm Nw R P F

Classes 6 1 0 0.857 1 0.923
Attributes 4 18 2 0.182 0.667 0.286
Associations 6 2 4 0.75 0.6 0.667
Generalizations 0 2 0 0 – –

TexToData. Figure 12 shows the textual description of the Online Library, while Fig. 13
shows the CDM derived from the given textual description. The automatically generated
CDM has ten classes, 13 attributes, two generalizations, and only four associations. When
compared against the reference CDM (Fig. 9):
1. seven classes (library user, librarian, member, borrowing request, book,

book edition, and borrowing) and 11 attributes, both generalizations, and three
associations (book-belong-book edition, book edition-belongs-borrowing request,
member-creates-borrowing request) could be evaluated as correctly generated,

2. one association (book-borrowed-member return) and three classes (issue, register,
member return) could be evaluated as surplus,

3. two attributes (date in the member class and date in the borrowing request class)
could be evaluated as incorrectly generated (incorrect type), and

4. five associations, and nine attributes are missing in the generated CDM.
Table 4 shows the results of quantitative evaluation based on the previous discussion.
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Library users are librarians or members. Library user has name, email, username, and
password. Librarian has residence. Member has date of birth. Book edition has title, year,
ISBN, authors names, publishers names, fields, and UDC groups. Book has tag. Books belong
to book edition. Member creates borrowing requests. Borrowing request has date. Borrowing
requests belongs to book edition. Librarian registers borrowings and issues books. Member
returns borrowed book. Librarian registers returned book.

Fig. 12. Sample textual description of the Online Library

Fig. 13. CDM generated by TexToData based on the sample textual specification

Table 4. Quantitative evaluation of the CDM generated by TexToData

Concept Nc Nm Nw R P F

Classes 7 0 3 1 0.7 0.824
Attributes 11 9 2 0.55 0.846 0.667
Associations 3 5 1 0.375 0.75 0.5
Generalizations 2 0 0 1 1 1

DBomnia. When we use the sample set of BPMs (Fig. 10) and sample textual
description (Fig. 12) with DBomnia, we obtain the CDM (Fig. 14) containing eight
classes, 19 attributes, 12 associations, and two generalizations. When compared against
the reference CDM (Fig. 9):

1. seven classes, 16 attributes, both generalizations, and seven associations could be
evaluated as correct,

2. one class (member return) and corresponding id attribute, and five associations
(Librarian-RegisterReturnedBook-Book, Member-SendMessage Book-Book,
Book-borrowed-member return,
Librarian-ReceiveMessage BookRequest-BookRequest,
Member-ReceiveBook-Book Borrowed) could be evaluated as surplus,

3. two attributes (date in the Member class and date in the BookRequest class) could be
evaluated as incorrectly generated (incorrect type), and
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4. only one association (Librarian↔Book Borrowed) and only four attributes (ISBN
and fields in the BookEdition class, and borrowing date and returning date in the
Book Borrowed class) are missing in the generated CDM.

Table 5 shows the results of quantitative evaluation based on the previous discussion.

Fig. 14. CDM of the Online Library generated by DBomnia

Table 5. Quantitative evaluation of the CDM generated by DBomnia

Concept Nc Nm Nw R P F

Classes 7 0 1 1 0.875 0.933
Attributes 16 4 3 0.8 0.842 0.821
Associations 7 1 5 0.875 0.583 0.7
Generalizations 2 0 0 1 1 1

Results discussion. Table 6 shows the overview of the quantitative evaluation (i.e. the
effectiveness measure) for AMADEOS, TexToData, and DBomnia. The presented results
show that DBomnia still does not generate 100% complete nor 100% correct target model.
However, the effectiveness measure for each CDM concept generated by DBomnia is
greater than or equal to the higher value of the effectiveness measure for the corresponding
concept generated by AMADEOS and TexToData. Although the automatically generated
CDM has one surplus class, it is easy to spot and simply delete such (surplus) classes –
unlike the correctly generated classes, such classes (probably) will not contain attributes
or will not have associations with other classes. We believe that it is easier to delete a
surplus class than to add a new class when it’s missing in the generated CDM.

The results show that the automatic derivation of the CDM from a set of heterogeneous
source artifacts is more effective than each independent automatic derivation of the CDM
based on sources of one single type only. Hence, this case study-based evaluation of the
approach and implemented tool confirm the research goal.
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Table 6. Overview of the quantitative evaluation for the Online Library

Effectiveness measure AMADEOS TexToData DBomnia

FE 0.923 0.824 0.933
FA 0.286 0.667 0.821
FR 0.667 0.5 0.7
FG – 1 1

8.3. Case Studies: Admission Exam and Student Jobs

In order to conduct a more extensive evaluation, compared to the illustrative example from
the previous subsection, we run two more case study-based evaluations as follows. Firstly,
two authors of the paper had to choose an arbitrary domain and create a set of at least ten
BPMs and a textual specification (at least 100 words) for the chosen domain. Secondly,
they had to (i) exchange created artifacts, (ii) manually design a reference CDM based on
received source artifacts, and (iii) evaluate CDMs generated by AMADEOS, TexToData,
and DBomnia against the manually designed reference CDM. Finally, the third author had
to inspect created artifacts and reference CDMs, as well as the entire evaluation process.

The chosen domains were Admission Exam and Student Jobs. Source artifacts5

consist of 12 BPMs and 112-word textual specification for Admission Exam, and ten
BPMs and 117-word textual specification for Student Jobs. Reference CDM6 for
Admission Exam contains 16 classes, 41 attributes, 25 associations, and three
generalizations, while reference CDM for Student Jobs contains 15 classes, 37 attributes,
18 associations, and three generalizations.

Table 7 shows the results of quantitative evaluation7 for both domains and all three
tools. Each row of the table contains values for one concept type (classes – E, attributes –
A, associations – R, or generalizations – G) of the generated CDM.

Results discussion. Table 8 shows the overview (only F-scores) of the quantitative
evaluation, while Fig. 15 shows the comparison of the F-score values. The obtained results
confirm the results obtained for the illustrative example, i.e. the effectiveness measure for
each CDM concept generated by DBomnia is greater than or equal to the higher value of
the effectiveness measure for the corresponding concept generated by AMADEOS and
TexToData. The proposed approach and implemented tool (DBomnia) exploit the best
features of other tools (as already mentioned, AMADEOS is able to generate a highly
complete CDM structure, while TexToData is able to generate CDMs of less complete
and less correct structure but with a more complete set of attributes in each entity type) to
achieve more effective derivation of the CDMs. Therefore, the evaluation of the approach
and implemented tool on three case-studies confirm the research goal. Since the results
of the case study-based evaluation are positive, we are now directed toward extensive
evaluation of the approach and implemented tool.

5 Source artifacts for both domains are available at:
https://gitlab.com/m-lab-research/ComSIS-2024/-/tree/main/01-SourceArtifacts

6 Reference CDMs for both domains are available at:
https://gitlab.com/m-lab-research/ComSIS-2024/-/tree/main/02-ReferenceCDMs

7 CDMs generated by all three tools for both domains are available at:
https://gitlab.com/m-lab-research/ComSIS-2024/-/tree/main/03-GeneratedCDMs
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Table 7. Quantitative evaluation for Admission Exam and Student Jobs

Tool
Admission Exam Student Jobs

Nc Nm Nw R P F Nc Nm Nw R P F
A

M
A

D
E

O
S E 16 0 3 1 0.842 0.914 15 0 0 1 1 1

A 13 28 6 0.317 0.684 0.433 12 25 3 0.324 0.8 0.462
R 24 1 13 0.96 0.649 0.774 15 1 14 0.938 0.517 0.667
G 0 3 0 0 – – 0 3 0 0 – –

Te
xT

oD
at

a E 14 2 2 0.875 0.875 0.875 11 4 2 0.733 0.846 0.786
A 25 16 0 0.61 1 0.758 16 21 1 0.432 0.941 0.593
R 7 18 1 0.28 0.875 0.424 7 11 5 0.389 0.583 0.467
G 3 0 0 1 1 1 3 0 0 1 1 1

D
B

om
ni

a E 16 0 3 1 0.842 0.914 15 0 0 1 1 1
A 38 3 3 0.927 0.927 0.927 28 9 1 0.757 0.966 0.848
R 25 0 14 1 0.641 0.781 16 0 15 1 0.516 0.681
G 3 0 0 1 1 1 3 0 0 1 1 1

Table 8. Summary of the evaluation results

Measure
Admission Exam Student Jobs

AMADEOS TexToData DBomnia AMADEOS TexToData DBomnia
FE 0.914 0.875 0.914 1 0.786 1
FA 0.433 0.758 0.927 0.462 0.593 0.848
FR 0.774 0.424 0.781 0.667 0.467 0.681
FG – 1 1 – 1 1
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(D-1 – Admission Exam, D-2 – Student Jobs)
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9. Conclusion

In this article we proposed an approach to the automatic CDM derivation from
heterogeneous source artifacts. The approach is based on the integration of CDMs that
are derived from source artifacts of one single type by already existing tools, whereby
the main characteristic of these CDMs is uncertainty. Uncertainty of CDMs
automatically derived from specific source artifacts is expressed and managed through
the effectiveness measure of generation of specific concepts of the input CDMs.

The approach is implemented by the DBomnia tool – the first online web-based tool
enabling automatic CDM derivation from a heterogeneous set of source artifacts, whereby
the currently supported source artifacts are BPMs and textual specifications. DBomnia
employs other tools (AMADEOS and TexToData) to generate CDMs from specific source
artifacts (AMADEOS derives CDM from BPMs, while TexToData derives CDM from
textual specifications) and then integrates the generated CDMs into a single unified CDM.

The approach and implemented tool were evaluated in three case studies. As expected,
evaluation proves that the implemented approach enables effective automatic derivation
of the conceptual database model from a set of heterogeneous source artifacts. Automatic
derivation of the conceptual database model from a set of heterogeneous source artifacts
is more effective than each independent automatic CDM derivation from sources of one
single type only.

In line with the long-term research goals, our future work will focus on the approach
and tool improvements and will include: work on semantic matching and combination of
multiple languages in one execution of the automatic CDM derivation, further
improvements of the specific CDM generators, inclusion of other types of source
artifacts, and thorough validation and verification. Our intention is also to evaluate the
approach with more complex real collections of BPMs and textual specifications.

Although the great advantage of the implemented multilingual tool is a large number
of supported languages, the semantic analysis (e.g. analysis of the acronyms, synonyms,
etc.) constitutes a great challenge and it is not considered in this paper. Taking that into
consideration, as well as the effort of increasing the effectiveness of the overall CDM
derivation process, we will focus on exploring the possibility of leveraging the ML
techniques in our approach.
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(ed.) Structural, Syntactic, and Statistical Pattern Recognition. pp. 193–202. Springer (2014)

46. Rodrigues, D., da Silva, A., Rodrigues, R., dos Santos, E.: Using active learning techniques
for improving database schema matching methods. In: 2015 International Joint Conference on
Neural Networks (IJCNN). pp. 1–8 (2015)

47. Rodriguez, A., Garcia-Rodriguez de Guzman, I., Fernandez-Medina, E., Piattini, M.: Semi-
formal transformation of secure business processes into analysis class and use case models: An
MDA approach. Information and Software Technology 52(9), 945–971 (2010)

48. Sahay, T., Mehta, A., Jadon, S.: Schema matching using machine learning. In: 2020 7th
International Conference on Signal Processing and Integrated Networks (SPIN). pp. 359–366
(2020)

49. Sheetrit, E., Brief, M., Mishaeli, M., Elisha, O.: Rematch: Retrieval enhanced schema matching
with llms (2024), https://arxiv.org/abs/2403.01567



Automatic Conceptual Database Design... 1961

50. Shraga, R., Gal, A.: Powarematch: A quality-aware deep learning approach to
improve human schema matching. J. Data and Information Quality 14(3) (may 2022),
https://doi.org/10.1145/3483423

51. Shraga, R., Gal, A., Roitman, H.: Adnev: cross-domain schema matching using deep similarity
matrix adjustment and evaluation. Proc. VLDB Endow. 13(9), 1401–1415 (may 2020),
https://doi.org/10.14778/3397230.3397237

52. Smith, T.F., Waterman, M.S.: Identification of common molecular subsequences. Journal of
Molecular Biology 147(1), 195–197 (1981)

53. Spasic, Z., Vukotic, A., Brdjanin, D., Banjac, D., Banjac, G.: UML-based forward database
engineering. In: Proc. of INFOTEH 2023. pp. 1–6. IEEE (2023)

54. Sugumaran, V., Storey, V.C.: Ontologies for conceptual modeling: their creation, use, and
management. Data & Knowledge Engineering 42(3), 251–271 (2002)

55. Tan, H.B.K., Yang, Y., Blan, L.: Systematic Transformation of functional analysis model in
Object Oriented design and Implementation. IEEE Trans. on Soft. Eng. 32(2), 111–135 (2006)

56. Thonggoom, O.: Semi-automatic conceptual data modelling using entity and relationship
instance repositories. PhD Thesis, Drexel University (2011)

57. Unal, O., Afsarmanesh, H.: Using linguistic techniques for schema matching. In: Filipe, J. et
al. (ed.) Proc. of ICSOFT 2006. pp. 115–120. INSTICC Press (2006)

58. Winkler, W.E.: String comparator metrics and enhanced decision rules in the fellegi-sunter
model of record linkage. (1990), https://eric.ed.gov/?id=ED325505

59. Zhang, J., Shin, B., Choi, J.D., Ho, J.C.: Smat: An attention-based deep learning solution to
the automation of schema matching. Symposium on Advances in Databases and Information
Systems (2021)

60. Zhang, Y., Di, M., Luo, H., Xu, C., Tsai, R.T.H.: Smutf: Schema matching using generative
tags and hybrid features (2024), https://arxiv.org/abs/2402.01685

61. Zhang, Y., Floratou, A., Cahoon, J., Krishnan, S., Müller, A.C., Banda, D., Psallidas, F., Patel,
J.M.: Schema matching using pre-trained language models. In: 2023 IEEE 39th International
Conference on Data Engineering (ICDE). pp. 1558–1571 (2023)

Goran Banjac is a Senior Teaching Assistant and PhD student at the Faculty of
Electrical Engineering, University of Banja Luka (Bosnia and Herzegovina). He is a
member of the M-lab Research Group. His research interests include model-driven
software development, business process modeling, databases, and UML. He has
published several research papers and articles.

Drazen Brdjanin is an Associate Professor at the Faculty of Electrical Engineering,
University of Banja Luka (Bosnia and Herzegovina), where he heads the M-lab Research
Group. His research interests focus on information systems and software engineering. He
has participated in several national and international R&D projects and also authored a
number of research papers and articles in the field of model-driven development.

Danijela Banjac is a Senior Teaching Assistant and PhD student at the Faculty of
Electrical Engineering, University of Banja Luka (Bosnia and Herzegovina). She is a
member of the M-lab Research Group. Her research interests include model-driven
software development, business process modeling, object-oriented information systems,
and UML. She has published several research papers and articles.

Received: March 01, 2024; Accepted: August 06, 2024.





Computer Science and Information Systems 21(4):1963–1978 https://doi.org/10.2298/CSIS240301063G

Maritime Trajectory Mining: An Automatic Zones of
Interests Discovery and Annotation Framework⋆

Omar Ghannou, Etienne Thuillier, and Omar Boucelma

Aix-Marseille University, CNRS, LIS
Marseille, France

{omar.ghannou, etienne.thuillier, omar.boucelma}@univ-amu.fr

Abstract. As global traffic continues to grow, the identification of areas of particu-
lar significance, known as Zones of Interest (ZOI), becomes crucial for optimizing
transportation systems and analyzing mobility patterns. In the maritime domain, ef-
fective ZOIs discovery is essential for enhancing route planning, improving safety
measures, and managing resources efficiently. Within the context of trajectory min-
ing, these ZOIs provide valuable insights into movement behaviors and operational
efficiencies. In this paper, we present a framework for discovering and annotating
ZOIs within maritime trajectories. The proposed approach involves processing raw
positional data to initially identify candidate ZOIs, which are subsequently refined
using contextual information. By leveraging real georeferenced vessels trajectories,
collected from thousands of commercial ships, this framework proposes a structure
of elements that will be implemented as part of the TNTM French project. While
this research contributes to maritime field by providing a method for ZOIs discov-
ery and annotation, it can be generalized to various application domains that may
leverage of mobility data analytics.

Keywords: Maritime Trajectory Mining, Zone Of Interest, ZOI, Area Of Inter-
est, AOI, Stops Extraction, Classification, Contextual Approach, OpenStreetMap,
OSM, VGI

1. Introduction

Trajectory mining or trajectory data mining is an interdisciplinary research area that
focuses on analyzing and extracting knowledge from trajectory data, which comprises
spatio-temporal information collected from moving objects, such as GPS logs, mobile
phone signals, and surveillance cameras. Trajectory mining has been widely applied in
various domains, such as transportation, urban planning, social network analysis, or envi-
ronmental monitoring.

For the specific maritime transportation domain, as global traffic continues to grow,
accounting for over 80% of transportation transactions worldwide [6], the characterization
of vessel trajectories is an activity of major importance.

In this paper, we focus on specific points of a trajectory, that is, Zones of Interest
(ZOI). A ZOI denotes a geographical area that attracts particular attention for various
reasons, such as significant events, research endeavors, or specific actions aligned with
stakeholder priorities.

⋆ This paper is an extended paper of the published DC paper ”Automatic Discovery of Zones of Interests with
Maritime Trajectory Mining” in ADBIS2023 conference
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In the maritime domain, ZOIs are essential for optimizing routes, assessing risks, and
identifying commercial opportunities. For instance, maritime carriers can leverage ZOI
knowledge to evaluate risks related to weather conditions or illicit activities and capitalize
on commercial prospects like servicing booming ports or supplying raw materials.

The increasing availability of GPS data and the proliferation of Location-Based Ser-
vices have enabled the extraction of valuable insights from trajectory data. Effective ZOI
discovery within maritime trajectories can lead to significant benefits, such as identify-
ing optimal docking locations, which is vital given the high costs associated with boat
docking. This can significantly impact overall trajectory expenses [12], allowing mar-
itime operators to strategically allocate resources and minimize unnecessary expenses
[5]. Moreover, ZOI discovery contributes to optimizing trajectories, enhancing efficiency,
and reducing fuel consumption. Adherence to site-specific environmental and security
regulations, such as constraints on pollutant emissions (e.g., CO2, NO2, SO2) and the
designation of protected areas, further underscores the importance of ZOI knowledge.

Given the significant role that ZOIs play in maritime trajectories, it is crucial to de-
velop a methodology for their automatic discovery and labeling. This paves the way for
the semantic annotation of trajectories, leading to a better understanding of maritime ac-
tivities and improvements in maritime transport efficiency through a data-driven approach.

In this paper, we describe a framework for the discovery, description, and annotation
of ZOIs within maritime trajectories. This framework is developed as part of the TNTM
project [10] which aims to optimize the transportation system and address environmen-
tal concerns in line with the International Maritime Organization’s strategy for reducing
Greenhouse Gas emissions from ships [8]. The methodology behind the framework is
data-driven, relying on raw trajectory data mining and contextual metadata for ZOI label-
ing.

The rest of this paper is organized as follows: In Section 2, we outline the research is-
sues and define formally a ZOI. In Section 3, we review related works in the field. Section
4 offers a detailed description of the framework, emphasizing its structure and compo-
nents. We discuss a simple use case to demonstrate the main benefits of our framework in
Section 5. Finally, Section 6 concludes the paper by highlighting ongoing work and future
research directions.

2. Problem statement

Formally, a ZOI can be defined and modelled as an extension of the Open Geospatial Con-
sortium (OGC) features data model [11], representing spatial objects that are significant
for various stakeholders. In the maritime domain, ZOIs include not only areas within the
sea but also coastal objects such as ports, oil and fuel stocking tanks, and other related
infrastructures. A ZOI comprises two essential dimensions: the physical or spatial aspect
and the logical or contextual representation. The first dimension involves defining and
delineating the geographical area of interest, capturing its spatial boundaries. The con-
textual aspect provides descriptive insight into the activities corresponding to the ZOI.
Hence, there is a necessity for a solution that encompasses both the physical and logical
representations of ZOIs, ensuring an effective approach to ZOI discovery and annotation.

Figure 1 illustrates the ZOI data model, an extension of the OGC features data model,
defining a ZOI and highlighting its physical and contextual dimensions.
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Fig. 1. ZOI data model extended from OGC features model

Framework Overview To meet the spatial and contextual dimensions of a ZOI cri-
teria, we propose a threefold framework to process and transform raw maritime spatio-
temporal trajectory data, collected from vessels and/or containers, into ZOI-wise trajec-
tory data where every ZOI is annotated. In the first step we identify crucial stop points
from raw trajectory data, which delineate primitive boundaries shapes of ZOIs. These
shapes are then used to retrieve surface metadata from Volunteered Geographic Informa-
tion (VGI) sources, such as OpenStreetMap1 (OSM). OSM is particularly valuable due to
its extensive and continuously updated geographic database. Finally, we use this contex-
tual data to refine the ZOIs shapes and classify the activities they represent. The whole
process is detailed in Section 4.

Challenges To develop this framework effectively, we face three primary challenges
categories:

1. ZOI Discovery:
Locating ZOIs within spatio-temporal trajectory data and accurately constructing
their shapes is complex due to the dynamic nature of maritime activities. Factors
such as swell waves, port management tasks, dock activities, changes in vessel paths,
and weather conditions contribute to this complexity.
Challenge examples: Locating ZOIs within trajectory data ; Delineating precise ZOI
boundaries due to their dynamic nature

2. ZOI Annotation:
Classifying the types of activities within ZOIs is another challenge. Indeed, classifica-
tion requires a basis, and to our knowledge, no public ZOI types database exists. Thus,
we need to construct a database of annotated ZOIs to unlock benefits like optimized
docking costs, improved trajectories, reduced shipping emissions, and enhanced lo-
gistical ecosystems.

1 https://www.openstreetmap.org

https://www.openstreetmap.org
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Challenge examples: Classification based on semi-structured data ; Utilizing unla-
belled data for training ; Identifying possible ZOI types and classes

3. Contextual Data Quality:
Collecting contextual metadata from VGI sources, such as OpenStreetMap, presents
quality issues [9], including lack of usable data, imprecise forms, missing tags, het-
erogeneity of tags, and ’expansionist’ relationships. Preparing a tag dataset for ZOI
classification based on their tags poses additional challenges, such as selecting repre-
sentative zones and processing tags manually or semi-automatically.
Challenge examples: Inconsistencies in data representation and tagging ; Challenges
in ensuring data accuracy and completeness ; Heterogeneity in data quality and tag
distribution across different regions

3. Related work

Trajectory mining as discussed is widely applied in various domains, such as transporta-
tion, urban planning, social network analysis, environmental monitoring, etc. Within this
broad context, the discovery and analysis of ZOIs have not gained yet significant attention
in trajectory mining, despite their potential applications across various fields. This section
delves into existing literature related to ZOI discovery and comparable studies that par-
tially address this topic, discussing the gaps and challenges that our proposed framework
aims to address.

To the best of our knowledge, the literature does not provide works specifically dedi-
cated to the discovery and annotation of ZOIs. Most of the existing works focus on stops
detection within trajectories, which can imply that a stop represents a significant point
in the trajectory. However, stops alone do not necessarily indicate meaningful places or
ZOIs, as they lack contextual semantics and do not specify the nature or type of these
places. Despite the emphasis of these works on stops extraction within trajectories, we
propose a comparative analysis to highlight the gaps targeted by this work. This frame-
work not only identifies ZOIs but also precisely delineates their physical boundaries and
annotates them with contextual information, specifically targeting the maritime domain
where there is a lack of on-ground data to aid in context, classification, and annotation of
ZOIs.

The SMoT model [1] enriches trajectories with semantic geographical information
by extracting moves and stops using predefined geometries on the ground. This method
efficiently identifies moves and stops, enriching trajectory data with semantic information.
However, SMoT relies on predefined geometries, limiting its adaptability. An improved
version, CB-SMoT [14], extracts additional stops not considered by SMoT as long as they
do not necessary intersect with the predefined regions. While CB-SMoT enhances SMoT
by identifying more stops, it remains dependent on predefined geometries.

Trajectory analysis using the Mobility Context Cube [13] integrates some contextual
data, precisely points of interest opening hours, with extracted stops to classify real stops
from fake ones using an SVM classifier. This approach effectively combines limited con-
textual data with trajectory analysis but does not address the precise spatial shape of ZOIs
or extensive contextual dimension. This work primarily focuses on urban mobility con-
texts.
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The framework proposed by Bisone [3] for extracting the operational behaviors of
emergency vehicles using GPS data to optimize fleet management and route planning. It
focuses on optimizing operational behaviors and utilizes GPS data to identify vehicles
activities based on operational contexts. However, this work relies on physical devices
installed inside the emergency vehicles - such as handbrake detection for instance - to ex-
tract stops, more precise shapes and contextual identification of ZOIs. This highly impacts
the framework adaptability and applicability to other cases or scenarios as it is specifically
limited to emergency vehicles’ data.

DJ-Cluster [15] extends the DBSCAN algorithm to extract significant locations or
ZOIs based on trajectory data by introducing density-joinable clusters. This method is
effective for identifying significant locations using density-based clustering but focuses
solely on spatial aspects, neglecting temporal, precise ZOI shape and contextual dimen-
sions.

ST-DBSCAN [2] considers both spatial and non-spatial aspects of data to extract
stops within trajectories. It integrates non-spatial dimensions with spatial data, providing
a more comprehensive approach to stop extraction. Despite this, it lacks focus on precise
ZOI shape delineation and lacks contextual data integration for annotation. Similarly, T-
DBSCAN [4] combines temporal and spatial dimensions to mine stops from trajectories.
While effective in combining temporal and spatial data for stop extraction, it does not
address precise ZOI shape delineation or contextual information integration.

This Paper presents an extended and refined version of our previous work on trajec-
tory mining and ZOIs discovery [7], introducing a matured and enhanced framework that
addresses several gaps in the related works. Table 1 offers a summarized view of the re-
lated works drawbacks, and presents how our framework benefits from each of the related
works. Our framework addresses the gaps identified in the existing literature by provid-
ing comprehensive ZOI discovery, precise spatial shape determination, contextual aspect
identification, and cross-domain adaptability, without relying on information from prede-
fined ZOIs. This integrated approach ensures an effective solution for ZOI detection and
classification within spatio-temporal trajectory data. While the description of our frame-
work is tailored for maritime data in this paper, the methodology is broadly applicable to
various transportation domains, including vehicular and pedestrian trajectories.

4. Framework Proposal

In this section, we present an extended version of our previous framework [7], designed
to identify ZOIs within trajectory data. While this work mainly focuses on the maritime
domain, the framework is adaptable across different domains. Our approach includes sev-
eral steps to detect, outline, and classify ZOIs efficiently. By combining raw trajectory
data with contextual on-ground information and industry expertise, we aim to improve
the accuracy and precision of ZOI detection and characterization. Our framework unfolds
in three phases:

1. Extraction of starts and stops from trajectory data. We use a custom density-based
algorithm, that we name STC-DBSCAN (see 4.1), to extract stop points within raw
vessels and/or containers trajectories. Then, we conduct a second clustering layer to
identify the most important stops areas, which form the initial shape of the ZOIs.
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Table 1. Benefits and limitations of related works

Work Stop
Extraction

Precise ZOI
Spatial Shape

Contextual
Aspect

Cross-
Domain

Non-
Predefined
ZOI Info

SMoT [1] ✓ ✓ ✓
CB-SMoT [14] ✓ ✓

Mobility Context
Cube [13]

✓ ✓

Emergency
Vehicles Activity
Identification [3]

✓ ✓ ✓ ✓

DJ-Cluster [15] ✓ ✓ ✓
ST-DBSCAN [2] ✓ ✓ ✓
T-DBSCAN [4] ✓ ✓ ✓

This Framework ✓ ✓ ✓ ✓ ✓

2. Context retrieving and ZOI shape refinement. We leverage the constructed shapes
to retrieve on-ground contextual data from open geographical base, particularly, Open-
StreetMap (OSM). More specifically, we extract textual metadata (OSM tags) asso-
ciated with all the objects located within or intersect with the initial ZOIs shapes. We
then refine and construct a more realistic shape using the OSM objects’ polygons.

3. ZOI description and annotation. We use the textual content of OSM tags to create a
ZOI classification model. We then run all the extracted ZOI into this model to describe
and annotate them.

The overall framework is depicted in Figure 2. For clarity, a simplified view of the
framework is provided. Each step, indicated by a colored rectangle, is detailed in its cor-
responding subsection. The threefold splitting ensures a comprehensive approach to ZOI
detection, refinement, and annotation, leveraging trajectory data, on-ground contextual
data, and domain-specific knowledge.

4.1. Step 1: start/stop detection

The initial step of the framework involves detecting start and stop points from raw trajec-
tory data, followed by a clustering process to extract the initial shapes of ZOIs. This step
employs two algorithms, each designed to achieve one of the aforementioned objectives.
The process of Step 1 is depicted in Figure 3.

Start & Stop detection To extract stops positions from raw trajectory data, we lever-
age the STC-DBSCAN algorithm, which we previously introduced in [7]. As described
in Algorithm 1, STC-DBSCAN extends the DBSCAN (Density-Based Spatial Clustering
of Applications with Noise) method to identify potential stop points based on density. It
subsequently refines these points by evaluating their density levels and temporal charac-
teristics to distinguish between genuine stops and slowdown areas.

DBSCAN is a well-known clustering algorithm used to identify clusters of varying
shapes and sizes in spatial data. It regroups points that are closely packed together while
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Fig. 2. ZOI Discovery and Annotation Framework

Fig. 3. Framework Step 1 : Start & stop detection

marking points that lie alone in low-density regions as outliers. By examining the den-
sity of data points in a given neighborhood, DBSCAN can effectively detect clusters and
distinguish noise, making it suitable for applications where the data contains clusters of
arbitrary shapes and noise.

Although the STC-DBSCAN algorithm has not yet undergone formal testing, we have
initiated the development of a benchmark. Our objective is to compare our algorithm’s
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Algorithm 1: Brief representation of the SpatioTemporal Clustering - DBSCAN
Algorithm (STC-DBSCAN)

Data: T : trajectory points, t1 : spatial threshold, t2 : temporal threshold
Result: ST : Trips, S : Stops
if consecutive points are within the threshold distance then

Delineate stop zone beginning;
else

Delineate the end of stop zone if already initiated, then start a trip
end
for ( each stop zone z ) {

if z represents high density (BboxDiagDistance < t1) && (cumulatedTime in z > t2)
then

Validate the stop zone
else

Represents a slowdown area in the current trip
end

}

performance with that of several well-known algorithms in the context of start-stop ex-
traction from raw trajectory data.

Stop positions clustering After extracting stops from all trajectories, we proceed to a
clustering phase to identify areas of high stop density. Using the extracted stops as input,
we apply the DBSCAN algorithm to cluster regions with concentrated stop occurrences,
as the DBSCAN is suitable to construct clusters of arbitrary shapes. This step is crucial
because individual stops within a trajectory do not necessarily indicate the existence of a
ZOI. The reasons for individual stops can vary widely and may not always signify areas of
importance. However, by identifying clusters with high stop density, we can more reliably
locate areas likely to represent ZOIs. This allows us to establish the initial shape of the
ZOI.

4.2. Step 2: Context retrieving and ZOI shape refining

Through the first step of the framework, we have identified areas of significance within
maritime trajectories. These areas may be offshore (vessels paths or stops for instance), or
on the coast (docking, container loading or unloading for instance). These zones hold sig-
nificance, yet lack clear identification or identity. While their importance is evident, they
require human intervention to ascertain their precise nature each time they are encoun-
tered. In order to enhance the discovery process and automate it, as well as to annotate
our ZOIs, we retrieve meaningful contextual data that can help in ZOI identification.

Furthermore, the stop position clustering algorithm from step 1 provides coarse ZOI
shapes. These shapes are determined by the raw trajectories dataset and hold two main
drawbacks : 1) the shapes are dependent of several maritime factors such as changes in
vessels paths or weather conditions, and 2) the shapes are not geographically refined as
they do not detect nor encompass human buildings such as ports or docks.

The second step of our framework aims to achieve such goals through VGI context
retrieving. The detail of this step is presented in Figure 4.
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Fig. 4. Framework Step 2 : ZOI shape refining

The second step is divided into two main processes. The first process, named ”step
2” in Figure 4 consists in implementing on-ground information retrieval over the initial
ZOI shapes extracted in step 1. This process runs queries on VGI resources to extract
contextual tags metadata, and precise polygons shapes. The second process, termed ”Sig-
nificant data extraction with NLP” involves constructing a list of keywords to facilitate
VGI querying and, subsequently, in sub-section 4.3, to establish a set of ZOI types or
classes. Each process is described in detail below.

VGI Context Retrieving To extract contextual metadata from the initial ZOIs, we
run customized queries over the OSM database using the Overpass API tool2. The API
retrieves relevant on-ground textual and geographical information (called tags), providing
valuable insights about the ZOIs. Additionally, we use this metadata to construct refined
ZOIs shapes using the actual OSM objects presents within these areas.

This process faces significant challenges due to data quality issues within the OSM
database as discussed in section 2. The structure of OSM data, consisting of nodes, ways,
and relations, does not consistently provide accurate logical representations of objects
and their relationships. For instance, while attempting to retrieve objects present within a
ZOI, the relations can expand extensively and retrieve irrelevant data and objects, posing
a significant risk if integrated into a larger system or environment for further processing.
We present an illustrative example in Figure 5. We consider a scenario where a small ZOI
inadvertently retrieves data encompassing the entirety of the Arabian Sea. This occurrence
illustrates the challenges of using such semi-structured data, especially the relation tags.
Such anomalies highlight the need for careful consideration and mitigation strategies to
address data quality issues effectively.

Significant Data Extraction with NLP To take up this challenge, we propose an
adapted workflow that enhances the overall framework and specifically targets this phase
and its issues. The main idea of this part is to build a list of keywords that specifically
target maritime objects or infrastructures, and to use this list as a filtration basis aimed at
restricting the scope of OSM queries research and their relations expansion.

2 https://overpass-turbo.eu

https://overpass-turbo.eu
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Fig. 5. Example of data quality issues

By incorporating specific keywords, we establish criteria that ensure only relevant
objects are retrieved using the OSM Overpass engine. This approach mitigates the risk of
extensive expansion caused by relations in the OSM data. By enforcing a requirement for
objects to contain at least one of the specified keywords, we streamline the query process
to prioritize the retrieval of useful data and mitigate quality issues. For instance, missing
tags in some objects, variations in tag presence across objects, and data heterogeneity
arising from multiple languages and regional verification practices.

To address these challenges, we propose a solution focused on the semi-automatic
generation of a keywords database. In an initial version of our framework, we suggest se-
lecting a representative sample of the largest and most active ports from the OSM dataset.
By conducting data profiling on these ports, we aim to extract statistics on tag usage to
identify consistent keywords indicative of port-related features. Additionally, while in-
dustrial keywords are essential, their indiscriminate usage may lead to inaccurate results
due to the widespread presence of industrial zones worldwide. Hence, careful selection
and refinement of keywords, along with tailored queries designed for OSM, are crucial
for effectively leveraging the dataset for ZOI discovery and annotation.

4.3. Step 3: ZOI annotation

The final part of our framework involves three main processes: the reconstruction, classi-
fication and annotation of the ZOIs. The detail of this step is presented in Figure 6.

ZOI shape reconstruction Through the filtration process from step 2, we identify
relevant on-ground objects inside a ZOI and extract their shapes. Then we merge the
initial ZOI shape with the shapes of these objects and create a refined and final shape that
accurately represents the ZOI.

With this final process we construct final ZOIs shapes that hold maritime and human
meanings. Infrastructures such as port, docks, terminals, canals, are added to the initials
ZOIs shapes, allowing a more precise contextual annotation of each ZOI.
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Fig. 6. Framework Step 3 : ZOI annotation

ZOI Classification The second process of this step consists in classifying each ZOI.
This classification process is done using a list of ZOI classes which is built from two
main sources. First, using the tags database from step 2, we conduct a clustering phase
to identify potential ZOI classes. These classes are then validated and refined through
expertise and business knowledge. In the TNTM french project, these classes will be
validated by the main maritime transportation authority leading the project.

Once a list of maritime ZOI classes, or types, are defined, we plan to use large lan-
guage models (LLMs) like BERT, embedding techniques such as Word2Vec or TF-IDF,
and various text classification methods to classify each ZOI. These methods will lever-
age the tags and data extracted from step 2 to predict the class of each ZOI, ensuring a
comprehensive and accurate annotation process.

ZOI Annotation At the conclusion of our framework, we merge the final shape of
our ZOI with its predicted class. This integration results in an annotated ZOI, offering
both spatial and contextual representation. Additionally, this annotation serves as valuable
feedback for enhancing the classification model iteratively and progressively.

5. Experiments

The experiments for this study are conducted using a set of maritime trajectory data from
the TNTM project. These data hold vessels and/or containers positions. Currently, our
framework effectively detects and delineates ZOIs, and extract OSM tags and shapes.
This section presents a simple use case with experimental results, focusing on demon-
strating the capabilities and outcomes of our framework through some ZOIs identification
examples.
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5.1. Initial ZOI Shape Construction

The first part of our framework involves detecting and extracting stops from trajectory
data and constructing initial ZOI shapes. Figure 7 illustrates this process with the STC-
DBSCAN algorithm. With a focus on the Jawaharlal Nehru port, India, we identify sig-
nificant stop points and delineate initial ZOI shapes from several raw trajectories. Sub-
figure 7a, represents different stops identified by the STC-DBSCAN algorithm. Rounded
points represent different vessels and/or containers positions, while star-shaped points
represent the detected stops. Sub-figure 7b represents the construction of the initial ZOI
shape using the DBSCAN algorithm over the detected stops. As we discussed in previous
sections, this shape is raw and do not encompass human activities and infrastructure. The
next steps consists in refining this ZOI shape to include the totality of the Jawaharlal
Nehru port infrastructures.

(a) Stops detected with STC-DBSCAN
algorithm

(b) Initial ZOI shapes extracted with
DBSCAN algorithm

Fig. 7. Stops detection and initial ZOI construction: example of the Jawaharlal Nehru
port

5.2. ZOI Shape Refinement and Context Retrieval

The second part of our framework refines the initial ZOI shapes using contextual data
retrieved from OSM. We extract textual metadata associated with the objects located or
intersect with the initial ZOI shapes and reconstruct more precise and realistic ZOI shapes.
Figure 8 illustrates two perspectives of the refined shape of the Jawaharlal Nehru port
ZOI, along with its retrieved description. On the left, sub-figure 8a displays the shapes
on a satellite map. We see the retrieved objects shapes related to the initial ZOI, such as
buildings, roads, as well as the docks where the ship are anchored. The pin-shaped objects
represent various ZOI-related OSM node objects, as also correspond to the defined stops
clusters within the ZOI. These objects contribute to constituting the final ZOI shape. In
sub-figure 8b, we see the descriptive texts of the ZOI. Here, for example, we display the
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textual information from the polygon presenting main shape of the Jawaharlal Nehru
port, providing further insights about the ZOI characteristics.

(a) Transportation Map View (b) OSM Tags descriptions

Fig. 8. ZOI shape refining using VGI Context Retrieving: example of the Jawaharlal
Nehru port

5.3. ZOI Annotation

The final part of our framework involves the classification and annotation of the ZOIs. By
utilizing the textual content of OSM tags, we feed a trained ZOI classification model to
classify and annotate the ZOIs. Sub-figure 8b depicts the retrieved contextual information
that aids in the classification and annotation of these ZOIs. The classification model is
currently under development, and we discuss this topic in the following subsection.

5.4. Discussion

The objective of this paper is to propose and demonstrate a framework for the discov-
ery and annotation of ZOIs. Although the benchmarking of the stop extraction algorithm
and the text classification model for ZOI classification are currently under development,
these are not the primary objectives of this paper. The main challenge in conducting an
extensive practical comparison study of the proposed framework is the lack of existing
frameworks in the literature that cover the dimensions of ZOI discovery and annotation
as comprehensively as ours. While individual components, such as the stop extraction al-
gorithm and the text classification model, can be benchmarked and compared to existing
literature, this paper focuses on demonstrating the overall framework for ZOI discovery
and annotation.
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The elements presented in this section highlight examples of the outcomes of our
framework in identifying and refining ZOIs within maritime trajectories. The precise
shapes and contextual descriptions of ZOIs are crucial for realizing the benefits men-
tioned previously. Future work will involve benchmarking the stop extraction algorithm
and the text classification model to further validate and enhance the proposed framework.

6. Conclusion

Analysis/mining ship trajectories plays a crucial role for various purposes such as pre-
venting vessel collision or optimizing vessel energy consumption, to cite a few.

This paper describes a machine-learning based approach and framework for the dis-
covery, refinement and annotation of Zones of Interest (aka ZOI) in a maritime trajectory.
Our approach integrates trajectory analysis with contextual data and business insights,
providing accurate and precise ZOI characterization. The framework consists mainly of a
three-step process: (1) extraction of stops to devise the initial ZOI shape, (2) shape refine-
ment by means of keyword-based contextual data retrieval, and (3) ZOIs’ classification
and annotation.

We believe this framework may bring a useful piece in the maritime trajectory mining
landscape, but also, in other mobility application domains. As a future work, we envision
benchmarking of the framework components and its deployment with real world data
vessel trajectories, supplied by the TNTM consortium.
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