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Editorial

Mirjana Ivanovié¢, Milo§ Radovanovi¢, and Vladimir Kurbalija

University of Novi Sad, Faculty of Sciences
Novi Sad, Serbia
{mira,radacha,kurba} @dmi.uns.ac.rs

This fourth and final issue of Computer Science and Information Systems for 2023
consists of 13 regular articles, and two special sections: “Digital Ecosystems — State of
the Art and Challenges” (4 articles), and “Soft/Edge Computing for Imaging and Remote
Sensing Applications.” We thank the guest editors of the special sections, as well as all our
authors and reviewers, whose hard work and enthusiasm made possible the publication of
the current issue, as well as the our journal in general.

The first regular article, “M2F2-RCNN: Multi-Functional Faster RCNN Based on
Multi-Scale Feature Fusion for Region Search in Remote Sensing Images,” by Shoulin
Yin et al. combines a feature extraction network based on ResNet50, a path aggregation
network with a convolution block attention module (CBAM), RolAlign, and an improved
non maximum suppression to build an improved RCNN model for regio search in remote
sensing images.

In the second regular article, “SRDF_DAG: An Efficient End-to-End RDF Data Man-
agement when Graph Exploration Meets Spatial Processing,” Houssameddine Yousfi et al.
propose new strategies to support spatial operators within a particular TripleStore that re-
lies on graph fragmentation and exploration and guarantees a good compromise between
scalability and performance.

Eyad Kannout et al., in “Towards Addressing Item Cold-Start Problem in Collabo-
rative Filtering by Embedding Agglomerative Clustering and FP-Growth into the Rec-
ommendation System” introduce a frequent pattern mining framework for recommender
systems (FPRS) — a novel approach to address the items’ cold-start problem by employ-
ing several strategies to combine collaborative and content-based filtering methods with
frequent items mining and agglomerative clustering techniques.

The article “Sentence Embedding Approach Using LSTM: Auto-Encoder for Dis-
cussion Threads Summarization” by Abdul Wali Khan et al. introduces the LSTM auto-
encoder as a sentence embedding technique to improve the performance of an automated
discussion thread summarizing system (DTS) for online discussion forums.

In “PARSAT: Fuzzy Logic for Adaptive Spatial Ability Training in an Augmented
Reality System,” Christos Papakostas et al. present a novel adaptive augmented reality
training system that teaches the knowledge domain of technical drawing. The novelty of
the system is that it proposes using fuzzy sets to represent the students’ knowledge levels
more accurately in the adaptive augmented reality training system.

“Explaining Deep Residual Networks Predictions with Symplectic Adjoint Method,”
by Xia Lei et al., proposes a provably faithful explanation for ResNet using a surrogate
explainable model, a neural ordinary differential equation network (Neural ODE). First,
ResNets are proved to converge to a Neural ODE and the Neural ODE is regarded as
a surrogate model to explain the decision-making attribution of the ResNets. Then, the
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decision feature and the explanation map of inputs belonging to the target class for Neural
ODE are generated via the symplectic adjoint method.

Hai Bang Truong and Van Cuong Tran, in “A Framework for Fake News Detection
Based on the Wisdom of Crowds and the Ensemble Learning Model” propose an ensemble
classification model to detect fake news based on exploiting the wisdom of crowds. The
social interactions and the user’s credibility are mined to automatically detect fake news
on Twitter without considering news content. The proposed method extracts the features
from a Twitter dataset and then a voting ensemble classifier is used to determine whether
news is fake or real.

“Deep Learning-Based Sentiment Classification in Amharic Using Multi-Lingual Data-
sets” authored by Senait Gebremichael Tesfagergish et al. examines various deep learning
methods such as CNN, LSTM, FFENN, BiLSTM, and transformers, as well as memory-
based methods like cosine similarity, to perform sentiment classification using the word
or sentence embedding techniques.

In “Heart Sounds Classification using Adaptive Wavelet Threshold and 1D LDCNN,”
Jiangiang Hu et al. present an automated heart sound classification method using adaptive
wavelet threshold and 1D LDCNN (One-dimensional Lightweight Deep Convolutional
Neural Net21 work). The method exploits WT (Wavelet Transform) with an adaptive
threshold to de-noise heart sound signals (HSSs), and uses 1D LDCNN to realize auto-
matic feature extraction and classification for de-noised heart sounds.

Abdulaziz Anorboev et al., in “Ensemble of Top3 Prediction of Image Pixel Interval
Method Using Deep Learning,” propose a multi-step strategy to improve image catego-
rization accuracy with less data. The approach constructs numerous datasets from a single
dataset by separating images into pixel intervals based on the type of dataset. Then, the
model is trained using both the original and newly constructed datasets.

In their article “Intrusion Detection Model of Internet of Things Based on Deep Learn-
ing,” Yan Wang et al. introduce a hybrid parallel intrusion detection model based on
deep learning called HPIDM, featuring a three-layer parallel neural network structure.
The model combines stacked LSTM neural networks with convolutional neural networks
(CNNs5s) and the SK Net self-attentive mechanism, allowing HPIDM to effectively learn
temporal and spatial features of traffic data.

“BI-FERH: Blockchain-IoT Based Framework for Securing Smart Hotel” by Quan-
long Guan et al. proposes a blockchain-IoT based framework for securing smart hotels
(BI-FERH) to enhance the security of hotel information systems. The high performance
BI-FERH architecture takes advantage of real-time data transmission capabilities offered
by IoT devices. Sensitive data generated by IoT devices is protected in BI-FERH, enhanc-
ing tamper-proof capabilities.

Finally, “Digital Remote Work Influencing Public Administration Employees Satis-
faction in Public Health Complex Contexts” authored by Maria Sousa et al. studies the
question of whether digital remote work in times of COVID-19 influenced the satisfaction
of public administration employees. An online survey was conducted in the Portuguese
public administration for a sample of 70 individuals, producing various interesting con-
clusions.
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Guest Editorial: Management of Digital EcoSystems —
Recent Trends, and Open Issues

Mirjana Ivanovié!, Richard Chbeir?, Ernesto Damiani®, Yannis Manolopoulos®, and
Claudio Silvestri®

1 University of Novi Sad, Serbia, mira@dmi.uns.ac.rs
2 University of Pau and the Adour Region, Anglet, France, richard.chbeir @univ-pau.fr
3 Khalifa University, Abu Dhabi, UAE, ernesto.damiani @ku.ac.ae
4 Open University of Cyprus, Nicosia, Cyprus, manolopo@csd.auth.gr
5 (Claudio Silvestri, Ca’ Foscari University of Venice, Italy, silvestri@unive.it

Nowadays modern, technically, and technologically highly progressed society and the
rapid development of numerous ICT disciplines bring new smart, intelligent, intercon-
nected socio-technological components and services in everyday life. One of the new
concepts and challenging paradigms is digital ecosystem. It represents a group of inter-
connected information technology resources within a functional unit. Digital ecosystems
consist of a wide range of participants and components like suppliers, customers, but also
applications, third-party data service providers and all numerous supportive respective
technologies. The ecosystem’s success is highly dependent on interoperability.

Digital ecosystems are frequently supported by market share leaders and they are
quickly influencing changes in various industries, cyber-physical systems, business pro-
cesses, healthcare and other domains. Some characteristic technical, legal, and business-
related difficulties found in digital ecosystems as well as service orchestration, customer
engagement, and data management are significant research and practical challenges.

In today’s ICT supported world numerous entities are engaged in all forms of inter-
actions mimicking the social world of humans. It influences different producers of data
(the Web, Internet of Things, Sensors, etc.), consumers of data (end users, applications,
systems, etc.), networking capabilities to ensure data transfer and sharing, data-enabled
services, processes (including Al and big data), deployment infrastructures (e.g., cloud
computing), processing capabilities, visualization, and reporting facilities. Services un-
derpinning such ecosystems also must satisfy non-functional requirements such as per-
formance, security, and data privacy.

This special section contains revised and extended versions of papers presented at the
14th International Conference on ManagEment of Digital EcoSystems (MEDES 2022),
which was held in Venice, Italy during the period October 20th to 21st. The conference
aim was to explore the manifold challenges and issues related to web technologies and
resource management of Digital Ecosystems, and how current approaches and technolo-
gies can be evolved and adapted to this end. Ten papers have been selected for the present
section, whereas after standard reviewing procedure of ComSIS Journal four papers have
been accepted to be published in this section.

The aim of this special section is to share the experiences in some of recently interest-
ing and challenging trends and issues of digital ecosystems but also to help stakeholders
and researchers in academia and industries to gain insights into digital ecosystems poten-
tial in practice.
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The first paper entitled “DG_Summ: A schema-driven approach for personalized sum-
marizing heterogeneous data graphs” by Amal Beldi et al. contributes to the area of
modelling data graphs. The focus is on summarizing data from multiple sources using
a schema-driven approach and visualizing the summary graph adjusted to the needs of
users. Authors pointed out challenges and importance of identifying trends in the pro-
cessing of vast amounts of data in different domains and considered graph summarization
as an effective framework aiming to facilitate the identification of structure and meaning
in modelling data graphs in medical domain. The problem of graph summarization has
been recently intensively studied and many approaches for static contexts are proposed
to summarize the graph. However, these approaches are computationally prohibitive and
do not scale to large graphs in terms of both structure and content. An additional problem
is that there is no proposed framework which provide summarization of mixed sources
with the goal of creating a dynamic, syntactic, and semantic data summary. The innova-
tive approach proposed by authors is promising and can be useful for researchers in other
domains as well.

The second paper entitled “A faceted discovery model architecture for cyber-physical
systems in the web of things” by Juan Alberto Llopis et al. presents a discovery model ar-
chitecture for cyber-physical systems based on the web of things. The approach is based
on proactive discovery, recommendation, federation, and query expansion. As a conse-
quence of intensive research efforts in this area, more complex cyber-physical systems
are being developed and integrated with web technologies, supporting smart city scenar-
ios with thousands of devices available to be discovered online. For successful realization
some capabilities related to locating, registering, and consulting devices must be pro-
vided to adapt to the continuous changes in cyber-physical systems. Authors considered
an example scenario where the proposed architecture has been implemented with different
topologies using edge computing facilities. The obtained results show that the capabilities
of the discovery model architecture facilitate the discovery of cyber-physical systems in
different smart environments.

The third paper entitled “Systematic exploitation of parallel task execution in business
processes’ by Konstantinos Varvoutas et al. is focused on business process re-engineering/
optimization as a core element of business process management (BPM). Authors pro-
posed a novel approach which considers resource allocation and model modifications in
a combined manner, where an initially suboptimal resource allocation can lead to better
overall process executions. The main contributions are: (1) a variant of the representation
of processes as Refined Process Structure Trees with a view to enabling novel resource
allocation-driven task re-ordering and parallelization, and (2) to introduce a resource al-
location paradigm that assigns tasks to resources taking into account the re-sequencing
opportunities. The presented results, based on experimental cases, show significant im-
provements, and decrease in cycle time.

The last paper entitled “Ownership protection system for partial areas on image data
using Ethereum blockchain” by Natsuki Fujiwara and Shohei Yokoyama proposes a novel
method that utilizes blockchain to protect the ownership of specific regions within image
data. They considered various values that are assigned to each region of image based on
its importance. Particular regions are individually encrypted protecting their privacy. Non-
fungible tokens (NFTs) are used to protect the key image and to manage the ownership
of each object on the image data. The ownership NFT and the key NFT are verified to
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match by the judgment function. Adopted method allows different values to be assigned
to different parts of an image, facilitating the transfer and sharing of ownership.

We gratefully acknowledge all the hard work and enthusiasm of authors, without
whom this special section would not have been possible. In addition, we appreciate for
the careful study of the selected papers and the constructive comments made by the:

— Djamal Benslimane, Claude Bernard Lyon 1 University, France

— Richard Chbeir, University of Pau and the Adour Region, Anglet, France

— Marco Comuzzi, Ulsan National Institute of Science and Technology, Ulsan, Repub-
lic of Korea

— Gayo Diallo, University of Bordeaux, Bordeaux Cedex, France

— Allel Hadjali, Computer Science at Engineer School ENSMA, Poitiers, France.

— Masaharu Hirota, Okayama University of Science, Okayama, Japan

— Hiroshi Ishikawa, Waseda University, Tokyo, Japan

— Jana Koehler, University of Applied Sciences and Arts, Lucerne, Switzerland

— Anastas Misev, Ss. Cyril and Methodius University, Skopje, North Macedonia

— Srdjan Skrbic, University of Novi Sad, Novi Sad, Serbia

— Michael Vassilakopoulos, University of Thessaly, Volos, Greece

Finally, we hope that readers will enjoy the content of this special section, and that it
will inspire them for high quality research in this modern and attractive area.
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Recently, soft/edge computing paradigm has been developed and it is evolving as a
new branch of computing and communication technologies. This new approach integrates
the existing computing environment with the digital technologies by creating a new rev-
olution in the emerging communication technologies like Internet of Things (IoT) and
cyber—physical systems. Moreover, soft/edge based communication integrates the artifi-
cial intelligence technologies to intelligently investigate, collect, process and store the
huge amount of data generated by IoT applications. Edge/soft computing plays a signifi-
cant role to enhance the potential of data analytics and decision-making process with the
reduced amount of delay.

Remote sensing and imaging, as one of the sources for big data, are generating earth-
observation data and analysis results daily from the platforms of satellites, manned/unmanned
aircrafts, and ground-based structures. These different kinds of remote-sensing data in-
clude SAR - synthetic aperture radar, multi-spectral optical data and hyper-spectral opti-
cal data. Those data sets comprise different spectral bandwidths (dimensionality), spatial
resolutions, and radiometric resolutions. The increasing growth of remote sensing data
and geoscience research pushes earth sciences strongly and poses great challenges to data
science for remote sensing big data, including collection, storage, management, analysis
and interpretation.

This Special Issue is expected to bring together experts from different research areas
to discover and realize the values of soft/edge computing in various remote sensing ar-
eas. This Special Issue is intended to present the current theoretical and methodological
research and state-of-the-art techniques and application of imaging and remote sensing
big data in the area of soft/edge computing. The aim of this special Issue is to share the
experiences in processing imaging and remote sensing with large volumes and variant
modes, and intelligent interpretation with advance soft/edge computing algorithms. We
expect that these research results will provide a necessary effort towards the incorpora-
tion of this soft/edge computing technology into the imaging and remote sensing field
and also to help stakeholders and researchers in academia, governments, and industries to
gain insights into the potential of using soft/edge computing techniques and concepts in
imaging and remote-sensing applications.

This special issue received 36 submissions where the corresponding authors were ma-
jorly counted by the deadline for manuscript submission with an open call-for-paper pe-
riod of 5 months. All these submissions are considered significant in the field, but how-
ever, only one-third of them passed the pre-screening procedure by guest editors. The
qualified papers then went through double-blinded peer review based on a strict and rig-
orous review policy. After a totally three-round reviews, 8 papers were accepted for publi-
cation. A quick overview to the papers in this issue can be revealed below, and we expect
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the content may draw attentions from public readers, and furthermore, prompt the society
development.

The first paper entitled “Generative Adversarial Network Based on LSTM and Con-
volutional Block Attention Module for Industrial Smoke Image Recognition” by Dahai
Li et al. In this paper, a low-cost data enhancement method is used to effectively reduce
the difference in the pixel field of the image. The smoke image is input into the LSTM in
generator and encoded as a hidden layer vector. This hidden layer vector is then entered
into the discriminator. Meanwhile, a convolutional block attention module is integrated
into the discriminator to improve the feature self-extraction ability of the discriminator
model, so as to improve the performance of the whole smoke image recognition network.
Experiments are carried out on real diversified industrial smoke scene data, and the results
show that the proposed method achieves better image classification and recognition effect.
In particular, the F scores are all above 89%, which is the best among all the results.

The second paper entitled “A Novel Feature Fusion Model Based on Non-subsampled
Shear-wave Transform for Retinal Blood Vessel Segmentation” by Fan Zhang et al. pro-
poses a new feature fusion model based on non-subsampled shear-wave transform for
retinal blood vessel segmentation. The contrast between blood vessels and background
is enhanced by pre-processing. The vascular contour features and detailed features are
extracted under the multi-scale framework, and then the image is postprocessed. The fun-
dus images are decomposed into low frequency sub-band and high frequency sub-band
by non-subsampled shear-wave transform. The two feature images are fused by regional
definition weighting and guided filtering respectively, and the vascular detection image
is obtained by calculating the maximum value of the corresponding pixels at each scale.
Finally, the Otsu method is used for segmentation. Results: The experimental results on
DRIVE data set show that the proposed method can accurately segment the vascular con-
tour while retaining a large number of small vascular branches with high accuracy. The
main conclusion is that the proposed method has a high accuracy and can perform vascu-
lar segmentation well on the premise of ensuring sensitivity.

The third paper entitled “LUN-BiSeNetV2: A Lightweight Unstructured Network
Based on BiSeNetV2 for Road Scene Segmentation” by Yachao Zhang et al. proposes
aroad scene segmentation method based on a lightweight unstructured network based on
BiSeNetV2. The network contains backbone segmentation network and BiSeNetV2 net-
work. The Mobilenetv2 network is used in the backbone network to replace the Xception
feature extraction network in the decoder. In addition, grouping convolution is used to re-
place common convolution in Mobilenetv2 network. And it selects the batch specification
layer to reduce the number of parameters, without affecting the accuracy and improving
the efficiency of segmentation.

The fourth paper entitled “A Novel Multilevel Stacked SqueezeNet Model for Hand-
written Chinese Character Recognition” by Yuankun Du et al. proposes a novel multilevel
stacked SqueezeNet model for handwritten Chinese characters recognition.

“Deep Adversarial Neural Network Model Based on Information Fusion for Music
Sentiment Analysis” by Wenwen Chen et al. proposes a new model that combines deep
adversarial neural network model based on information fusion for music sentiment anal-
ysis. Firstly, the information of music text sequence is captured by the bidirectional short
and long time memory network. Then the sequence information is updated according to
the tree structure of dependency syntactic tree. Further, the relative distance and syntac-
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tic distance position information are embedded into the music text sequence. Thirdly, the
adversarial training is used to expand the alignment boundary of the field distribution and
effectively alleviate the problem of fuzzy features leading to misclassification.

The sixth paper entitled “A Novel Single Shot-multibox Detector Based on Multiple
Gaussian Mixture Model for Urban Fire Smoke Detection” by Hao Han et al. proposes a
novel single shot-multibox detector based on a multiple Gaussian mixture model for urban
fire smoke detection. Multiple Gaussian models are used to represent the features of each
pixel in the moving object image. The Gaussian mixture model is updated based on the
principle that each pixel in the image is regarded as a background point if it matches
the Gaussian mixture model. Otherwise, if it matches the Gaussian mixture model, it
is regarded as the foreground point. By updating the foreground model and calculating
the short-term stability index, the detection effect of moving objects is improved. By
determining the relationship between Gaussian distribution and pixel, a new parameter is
set to construct the background model to eliminate the influence caused by illumination
mutation. Aiming at the problems of smoke detection efficiency and network over-fitting,
authors presented an InceptionV3-feature fusion single shot-multibox detector.

The seventh paper “Anti-aliasing Filter Based on Whale Parameter Optimization Method
for Feature Extraction and Recognition of Dance Motor Imagery EEG” by Tianliang
Huang et al. proposes a new model for the feature extraction and recognition of dance
motor imagery EEG, which makes full use of the advantage of anti-aliasing filter based
on whale parameter optimization method. The anti-aliasing filter is used for preprocess-
ing, and the filtered signal is extracted by two-dimensional empirical wavelet transform.
The extracted feature is input to the robust support matrix machine to complete pattern
recognition. In pattern recognition process, an improved whale algorithm is used to dy-
namically adjust the optimal parameters of individual subjects. Experiments are carried
out on two public data sets to verify that anti-aliasing filter-based preprocessing can im-
prove signal feature discrimination. The improved whale algorithm can find the optimal
parameters of robust support matrix machine classification for individuals. This presented
method can improve the recognition rate of dance motion image.

The last paper is “Heterogenous-view Occluded Expression Data Recognition Based
on Cycle-Consistent Adversarial Network and K-SVD Dictionary Learning Under In-
telligent Cooperative Robot Environment” by Yu Jiang et al. and it proposes a cycle-
consistent adversarial network and K-SVD dictionary learning method for occluded ex-
pression recognition in education management under robot environment. Firstly, the new
method uses the cyclic-consistent generation adversarial network as the skeleton model,
which can generate the un-occluded expression image without the need of paired data
sets. Meanwhile, in order to improve the discriminant ability and image generation ability
of the network, a multi-scale discriminator is used to construct the discriminant network.
Then, the least squares and cyclic sensing loss are used to strengthen the constraints on
the network model and improve the image quality. By subtracting the error matrix from
the test sample, a clear image of the expression classification stage can be recovered. The
clear image samples are decomposed into identity features and expression features by
using the collaborative representation of two dictionaries.

The first guest editor would like to thank Prof. Mirjana Ivanovi¢, the editor-in chief of
ComSIS, for her support during the preparation of this special section in the journal.
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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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Abstract. In order to realize fast and accurate search of sensitive regions in remote
sensing images, we propose a multi-functional faster RCNN based on multi-scale
feature fusion model for region search. The feature extraction network is based on
ResNet50 and the dilated residual blocks are utilized for multi-layer and multi-scale
feature fusion. We add a path aggregation network with a convolution block atten-
tion module (CBAM) attention mechanism in the backbone network to improve
the efficiency of feature extraction. Then, the extracted feature map is processed,
and RolAlign is used to improve the pooling operation of regions of interest and
it can improve the calculation speed. In the classification stage, an improved non-
maximum suppression is used to improve the classification accuracy of the sensitive
region. Finally, we conduct cross validation experiments on Google Earth dataset
and the DOTA dataset. Meanwhile, the comparison experiments with the state-of-
the-art methods also prove the high efficiency of the proposed method in region
search ability.

Keywords: remote sensing images, region search, multi-functional faster RCNN,
multi-scale feature fusion, convolution block attention module.

1. Introduction

Region search is widely used in automatic driving, video, image index and remote sensing
etc. With the rapid development of deep learning, regional convolutional neural network
(RCNN)-based algorithms [1-3] have transformed the traditional manual feature extrac-
tion into feature learning, which plays an important role in the field of remote sensing
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images processing. In order to quickly obtain useful information from massive remote
sensing images, region search has a high application value. Rapid detection of sensitive
areas through remote sensing images is of great significance for improving military oper-
ational efficiency, civil route planning, safety search and rescue, etc [4,5].

RCNN algorithm adopts selective search(SS) [6] to extract 1000 2000 suggestion
bounding boxes from remote sensing images. It adds 16 pixels around each candidate
box as the border of the average pixel value. Then it subtracts the average pixel value
of the suggestion box from all candidate box pixels, and inputs the results into AlexNet
network for feature extraction. Then support vector machine (SVM) classification is used
to determine the category of candidate boxes. And the non-maximum suppression (NMS)
algorithm is adopted to reduce the number of redundant candidate boxes [7]. Finally, the
remaining candidate boxes are modified through the detection box regression model to
correct the final position.

The training stage of RCNN is limited to the selection of candidate boxes. The existing
problems are summarized as follows:

1. When RCNN reads the image information, it needs to fix the image size, but cutting
the image will lead to the loss of the image information.

2. CNN needs to calculate the candidate boxes in each region, and repeated feature
extraction will bring huge computational waste.

Compared with RCNN algorithm, Fast RCNN algorithm only extracts the features of
each image once, and shares the extracted features in the calculation process to improve
the speed of training and testing. In view of the problem that fast RCNN cannot achieve
real-time detection and end-to-end training test, Ren et al. [8] proposed faster RCNN algo-
rithm, using regional proposal network (RPN) to replace selective search (SS) algorithm,
which could effectively extract the candidate regions in the original image. Different from
the aforementioned detection algorithms based on proposal regions, Redmon et al. [9]
proposed a YOLO (You Only Look Once) detection algorithm based on regression. The
framework abandoned the preset candidate box strategy, regarded the detection task as a
regression problem, and directly carried out border regression and category determina-
tion in the output layer, which could meet the real-time detection requirements, but the
detection accuracy was low. In order to give equal consideration to detection speed and
accuracy, Liu et al. [10] proposed the Single Shot MultiBox Detector (SSD) framework,
integrating the idea of preset candidate boxes and YOLO. It conducted multi-layer detec-
tion through feature pyramid simultaneously to improve detection accuracy. However, the
detection effect of small objects was not satisfactory.

The imaging characteristics of remote sensing images are different from those of natu-
ral scenes commonly captured by digital cameras. Remote sensing images are mainly shot
at high altitude, covering a wide range of ground objects, complex image background,
dense target distribution and small size. And the image quality of remote sensing is not as
good as that of digital camera [11,12]. If the existing deep learning detection frameworks
are directly applied to remote sensing image for region detection, the detection accuracy
cannot be the same as that of natural scene image. At present, a large number of scholars
have improved the deep learning detection frameworks and applied them to the detection
of sensitive areas in remote sensing images. Based on the RCNN model and the cascade
AdaBoost algorithm, Tang et al. [13] proposed a coarse-to-fine object region recognition
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algorithm, which reduced the amount of computation and improved the detection accuracy
of high-resolution remote sensing images. Based on faster-RCNN, Wu et al. [14] proposed
a target detection algorithm based on feature fusion combined with soft judgment, which
improved the detection accuracy of small target areas. Li et al. [15] overcame the defect of
losing small target information in deep feature by integrating shallow feature with deep
feature after up-sampling, and improved the fast detection accuracy of target region in
aerial remote sensing images. Cui et al. [16] optimized RPN according to the aspect ratio
characteristics of the target region. Meanwhile, the online difficult sample mining method
was adopted to balance positive and negative samples, which improved the performance
of the model algorithm. Aiming at the uncertainty of the direction of the target region in
remote sensing images, Pazhani et al. [17] integrated the rotating region network into the
Fast RCNN, introduced the convolution layer in front of the fully connected layer of the
network, reduced the dimension of the feature map. It improved the performance of the
classifier, and achieved better detection results. Based on the YOLO-V?2 detection frame-
work, Anuar et al. [18] introduced the transfer learning strategy to improve the detection
accuracy of high-resolution remote sensing image regions in small samples, but the de-
tection accuracy of small targets was not high. Based on the SSD detection framework,
ResNet50 was used to replace the front-facing network VGG16, and the target detection
was carried out on the aerial data set [19]. The detection effect was significantly improved,
but the error was also relatively large. Aiming at the problem of low detection accuracy of
small targets in complex scenes, Chen et al. [20] proposed MultDet, a lightweight multi-
scale feature fusion detection framework, which improved the characterization ability of
small scale aircraft targets and realized high-precision detection of aircraft targets.

Previous researches on remote sensing image target region extraction mainly rely on
the basic features of the image, such as spectrum, shape, contour, texture, color, shadow,
etc. For example, Zheng et al.[21] proposed an object-based Markov Random field
(OMRF) model for building extraction. The model constructed a weighted region ad-
jacency map based on region size and edge feature information. Then it used OMRF
with a region penalty term to achieve accurate building area extraction. Mag et al. [22]
proposed a region extraction method based on saliency analysis, which extracted multi-
scale texture and edge features of remote sensing images by Fourier transform and adap-
tive wavelet. Wang et al. [23] used Extended multi-resolution segmentation (EMRS) and
back-propagation (BP) network to extract building areas. EMRS was used to represent
multi-scale spatial resolution features, and BP network was used to classify pixels with
different building areas. Ni et al. [24] proposed a local competitive super-pixel segmenta-
tion method, which could effectively integrate spatial resolution and multi-scale features
of remote sensing images, and completed accurate extraction of building areas. Zhu et al.
[25] proposed a building extraction method based on mixed sparse representation, which
divided remote sensing images into subgraph combinations with different components,
then used sparse representation to express different subgraph features. Finally, support
vector machine was adopted to complete the extraction of building areas. The target re-
gion extraction methods based on the above basic features have achieved a certain effect.
However, due to the lack of extraction of deep semantic features and global spatial fea-
tures in remote sensing images, the segmentation and extraction results still have some
problems, such as boundary information loss and incomplete shape structure.
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In summary, this paper collects remote sensing image data sets from Google Earth,
DOTA data sources, and then establishes a typical region target data sets of remote sens-
ing images by manual annotation. Therefore, we propose a multi-functional faster RCNN
based on multi-scale feature fusion model for region search. The stages of region search
method are as follows. Firstly, the feature extraction network is based on ResNet50 and the
dilated residual blocks are utilized for multi-layer and multi-scale feature fusion. Then, a
path aggregation network with a convolution block attention module (CBAM) attention
mechanism is added in the backbone network to improve the efficiency of feature extrac-
tion. Thirdly, the extracted feature map is processed, and RolAlign is used to improve the
pooling operation of regions of interest and it can improve the calculation speed. Finally,
in the classification stage, an improved non-maximum suppression is used to improve
the classification accuracy of the sensitive region. Meanwhile, abundant experiments also
show the effectiveness of the proposed method.

The structure of this paper is as follows. In section 2, the related works are introduced
including Faster-RCNN, RPN. Section 3 detailed states the proposed method for region
search in remote sensing images. Rich experiments are shown in section 4. A conclusion
is shown in section 5.

2. Related Works

In recent years, deep learning [26,27] has made new progress, and convolutional neu-
ral network (CNN) has been applied to target region detection. Since the appearance of
the image classification competition based on the large image database ImageNet, various
deep learning detection algorithms have been proposed successively, which are mainly di-
vided into One-stage and Two-stage. Herein, YOLO-v3 [28] is a representative algorithm
in One-stage. The representative algorithms in the two-stage method are Faster RCNN
and other algorithms. RCNN-based algorithms have been developed from Faster RCNN
to Mask RCNN. By using RolAlign, a mask branch is added to achieve the detection
and segmentation at the instance level. One-stage algorithm is superior to Two-stage al-
gorithm in detection speed, but it is lower that two-stage algorithm in terms of accuracy.
However, these mainstream target detection algorithms aim at the image of the natural
scene, without considering the directivity of the target and other features.

Deep learning has achieved great success in detecting the target region in natural
scenes. Therefore, a large number of researches on remote sensing image target region
detection [29,30] based on deep learning continue to emerge. An important characteristic
of the target region to be detected in remote sensing images is the uncertainty of its di-
rection and shape. In addition, most target regions in remote sensing images are densely
distributed, so the horizontal box method may also affect the results of non-maximum sup-
pression (NMS) after detection, resulting in poor detection effect. In reference [31], a text
detection algorithm based on the rotating region was proposed. The algorithm firstly used
the region proposal network to generate horizontal candidate boxes, and then used the
features after multi-scale pooling to predict slanted text boxes. In reference [32], Region
Proposal Network (RPN) in Faster R-CNN network was improved and it added rotation
information, so that the RPN network could directly generate an angled prediction box
for multi-directional text detection.
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2.1. Faster-RCNN

Faster RCNN is a region-based convolutional neural network framework, which mainly
consists of four parts: feature extraction layer, RPN layer, ROI Pooling layer and detec-
tion subnetwork, as shown in Figure 1. Feature extraction layer extracts features of input
images through convolutional neural networks. The candidate region generation network
carries out convolution operation on the obtained image feature map to generate the can-
didate frame that may contain the object. The region of interest (ROI) pooling layer [33]
converts the region feature maps corresponding to different candidate boxes into feature
maps with the same size. The detection network identifies the target in the ROI and cor-
rects the position of the candidate box to get the final detection result.

Fe?ture | . ROIpooling | Classtﬁcau.on |,
extraction layer layer and regression
RPN layer

Fig. 1. Structure of Faster RCNN

2.2. Region Proposal Network (RPN)

RPN is a full convolutional network, which reduces the number of candidate boxes in the
detection process and improves the detection efficiency of Faster RCNN. It can be seen
from Figure 2 that RPN network mainly has two branches: one is the classification layer,
which is used to classify positive and negative samples, and the other is the regression
layer, which is used to regress the candidate box position of positive samples. The RPN
network implementation process is as follows. A 3 x 3 sliding window is used to slide the
feature graph (suppose the size is N x 60 x 60), and each pixel of the feature graph is
traversed to generate a low-dimensional feature graph (256 x 60 x 60). In addition, k pre-
defined candidate boxes are generated at each pixel position on the feature graph. Then
two 1 x 1 convolution operations are performed on the low-dimensional feature graphs.
2k probability values and 4k candidate box offsets are obtained at each pixel. Finally,
combined with the pre-defined candidate boxes, post-processing operations such as cross
boundary clipping, small candidate box removal and Non-Maximum Suppression (NMS)
are carried out to obtain the ROI candidate boxes.

The training of RPN network adopts multi-task loss function, as shown in Equation

(:

1 . A X *
L(pi>ti) = WLcls(piupi) + N Zpi LTEg(ti>t')~ (1)
CclLs reg ’L

Where i is the index value of anchor. p; and ¢; are the ¢ — th anchor containing
the probability value of the target and four coordinate values corresponding to anchor
respectively. N and N4 are standardized constants. A is the equilibrium coefficient.
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Fig. 2. RPN structure

When anchor is a positive sample, p; = 1, otherwise p; = 0. ¢ is the coordinate value of
the real region corresponding to the positive sample. L., and L., are the classification
loss function and the regression loss function respectively. The expressions are as follows:

Leis(pi, pj) = —loglpip; + (1 —pi)(1 — p;)). 2

Lyeg(ti, t]) = R(t; — t7). 3)

Where R is Smooth L1 function, reflecting the robustness of the function, it is defined
as follows.

R(z) = (4)

0.5x2 lz] <1
|| —0.5 o] >1

3. Proposed M?F2-RCNN for Region Search

Considering the detection application requirements of remote sensing satellite image, this
paper adopts the Faster RCNN framework with higher detection accuracy as the basic
prototype. The proposed M?F2-RCNN region search model in this paper is shown in
Figure 3.

Our contributions are mainly in the following three aspects:

1. In the basic network stage, we construct a feature pyramid network to perform multi-
scale feature fusion. We added path aggregation network with Convolution Block
Attention Module (CBAM) to improve feature extraction efficiency.

2. Rolalign is used to replace Rol pooling, and a convolution layer is added into the
classification network to improve the classification efficiency.

3. A new non-maximum suppression algorithm is improved to the overlap problem of
large amount of similar candidate boxes.
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Fig. 3. M2F2-RCNN structure

3.1. Multi-scale Feature Fusion

Compared with the original feature extraction layer VGG, ResNet50 has a deeper net-
work layer and can extract deeper and more abstract features [34]. Moreover, the residual
structure of ResNet50 is conducive to solving the problems of gradient dispersion and
gradient explosion when the network performance is not significantly improved. There-
fore, ResNet50 is selected as the basic feature extraction network in this paper. Table 1
shows the Resnet50 network structure. In Table 1, two multiplied numbers indicate the
size of the convolution kernel. The next number is the number of convolution kernels. In
the case of convl, 7 x 7 means the size of the convolution kernel and 64 means the num-
ber of convolution kernel. The matrix represents the residual block, and the number in
the matrix represents the composition of the residual block. Taking conv3 as an example,
conv3 is composed of 4 residual blocks, each of which is composed of 128 convolution
kernels with 1 x 1 size, 128 convolution kernels with 3 x 3 size, and 512 convolution
kernels with 1 x 1 size. The step size in convolution kernel with 3 x 3 size in the first
residual block is 2, and the rest step size is 1.

Table 1. Structure of ResNet50

Layer Structure

Convolutional layer (convl) 7 X 7, 64, step size=2

Pooling layer 3 % 3, step size=1
1x1 64

Convolutional layer (conv2) 3 x 3 64 X 3, step size=2
1 x 1256
1x1128

Convolutional layer (conv3) 3 x 3 128 X 4, step size=2
1x1512
1x1 256

Convolutional layer (conv4d) 3 x 3 256 X 6, step size=2
1x11024
1x1 512

Convolutional layer (convS) 3 x 3 512 X 3, step size=2
1 x 12048

However, if it directly uses Convl-5 as the feature extraction layer in the Faster RCNN
structure, it cannot significantly improve the model detection accuracy. In order to solve
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the problem that the feature extraction layer is deepened and the detection accuracy is
not significantly improved, It considered conv5 and the full connection layer as the fi-
nal detection subnetwork based on the structure of Networks on Convolutional Feature
Maps (NoCs). The specific structure is shown in Figure 4. Moving conv5 to the detection
network can improve the classifier performance and thus improve the overall detection
accuracy.

il kd s =~ g %
—> 2| E| 5| E—>C S—> E|E—>
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A
—» RPN

Fig. 4. ResNet50 with Faster RCNN

Figure 5(a) is the original residual block in Resnet50. The dilated residual blocks in
FIG. 5(b) and 5(c) are the structures formed by introducing the dilated convolution with
expansion rate 4. With the same spatial resolution, the dilated residuals can enlarge the
receptive field of the deep network, which is conducive to extracting the deep semantic
information of the target. In the experiment, a feature fusion model is designed by using
the dilated residual block. The specific structure is shown in Figure 5(d).

+ — >

1x1 conv

3%3 conv
Dilated
rate=4

ReLU
(a) raw (b) dilated residual

residual block block with 11 conv
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(d) feature fusion
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Fig. 5. Feature fusion process

Firstly, because conv$ in the original ResNet50 is moved to the detection network, the
feature extraction layer only has the first four layers and the network depth is shallow. So
after conv4 layer, the dilated residual block with 1 x 1 convolution layer mapping (Fig-
ure 5(b)) is used once time, and then the dilated residual block with 1 x 1 convolution
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layer mapping (Figure 5(c)) is used twice as the new fifth layer in the feature extraction
network. The combination of dilated residuals ensures that the spatial resolution of fifth
layer is consistent with conv4, which can reduce the loss of feature information. In order
to reduce the amount of computation and memory consumption, the channel number of
the residual block is set to 512. Secondly, due to the large area size in the remote sensing
image, the spatial resolution decreases and the semantic information of small targets is
seriously lost after down-sampling. Hence, the features generated by convl, conv3 and
the new fifth layer are fused to make full use of the deep semantic information under low
spatial resolution and the shallow geometric, textural information under high spatial reso-
lution. However, although the shallow feature retains high spatial resolution and abundant
small target information, the shallow information is too shallow, and the directly fusion
of shallow feature and deep feature cannot significantly improve the regional detection
accuracy. Therefore, before feature fusion, a structure consistent with the fifth layer is
introduced after the features of convl and conv3. The number of residual block channels
is set to 256. To fully learn the target information under high spatial resolution, improve
the positioning accuracy of large targets, and enhance the detection ability of the network
model, the down-sampled shallow features and the up-sampled deep features are fused,
so the improved feature extraction network is obtained.

The resolution of remote sensing image is too large, resulting in many small target
areas. However, Faster RCNN uses part of the VGG Net network layer as shallow feature
extractor to extract basic features such as points and edges of targets. Therefore, the de-
tection effect of small target region is not good. In this paper, ResNet50 is selected as the
basic feature extraction network, and multi-scale features are added to enhance the detec-
tion ability of small target regions. The ResNet solves the degradation problem when the
traditional network is deepened, and the deepest network can reach 152 layers. Compared
with traditional networks, deep residual networks have better generalization ability and
lower complexity. ResNet is deeper than the VGG network. It is able to learn detailed
features in the image. ResNet adds a batch normalization layer between the convolution
and pooling layers to speed up training, while residuals are used to make training the
depth model easier. Residual network introduces a learning framework based on residual
blocks. The input can be propagated forward faster through cross-layer connections.

Faster RCNN is only classified according to the output features of the last layer in the
basic network, which requires less computing and less memory. However, the features of
the last layer belong to the high-level features, so the network is not expressive enough
for small-scale targets. Generally, the high level features of convolutional neural networks
are characterized by low resolution and high level semantic information. In contrast, low-
level features are characterized by high resolution, low-level semantic information. By
combining high level features with low level features, semantic information at multiple
scales can be utilized at the same time. According to the idea of reference [19], feature
pyramid is added to feature extraction in this paper to improve the final detection effect,
as shown in Figure 6. The feature extraction process forms a bottom-up path, a top-down
path and a horizontal connection. Formally, for the ROI with width w and height A, it is
assumed that k is the reference value, representing the number of feature layers. k is the
number of feature levels corresponding to the ROI. The formula assigned to the feature
pyramid is:
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k = [ko + b(vwh/224)]. 5)

The feed-forward calculation of convolutional neural network is a bottom-up path.
The basic network in this paper uses the characteristics of each residual block to activate
the output corresponding to the output of different convolutional layers. It has differ-
ent step sizes, which can deal with small targets region well. Compared with the feature
extracted only by the last convolutional layer, this structure can utilize more high-level
semantic information. For the small target region, the operation on the larger feature map
increases the resolution of the feature map, so that more useful information about the
small target region can be obtained.

(a) feature extraction in
faster RCNN 2
i
{b) feature exiraction in faster [
—

RCNN with feature pyramid

Fig. 6. Multi-scale feature extraction process

In remote sensing images, there is a large scale difference between different regions,
and region targets with different scales have different features, so feature maps of different
scales should be used for detection. In the underlying feature map, there are more details
and the location of region targets is clear, which is suitable for detecting region targets
with small scale. In the top-level feature map, the semantic information is rich, which is
suitable for the detection of large scale region targets. However, the Faster RCNN model
only uses the top-level feature map for target detection. The top-level feature map has
rich semantic information but less detailed information after multiple sub-sampling oper-
ations, so the detection effect for small targets is not ideal.

In 2017, Lin et al. [36] proposed Feature Pyramid Network (FPN). FPN network fuses
multi-scale feature maps and uses the fused feature maps for target detection. In this way,
details in the underlying feature map can be fully utilized. However, the structure of FPN
network is relatively concise, which leads to two shortcomings of FPN network for com-
plex target detection tasks. Firstly, the FPN network uses the nearest neighbor interpola-
tion algorithm with low precision to realize the up-sampling operation. The loss of the
top layer information in the downward transmission process is too large, resulting in less
semantic information fusion in the feature graph near the bottom. Secondly, the feature
fusion path of FPN network is top-down, and a large number of details in the bottom
feature map cannot be fused in the top feature map. As a result, the contour information
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between overlapping regions cannot be effectively extracted when the target detection is
carried out on the top feature map.

To solve the above problems in FPN networks, a path aggregation network with Con-
volution Block Attention Module (PACBAM) is proposed in this paper aiming to enhance
the fusion effect between feature maps with different scales. Figure 7 shows the PACBAM
network structure. The dimensions of feature map F1, F2, F3 and F4 are 336 x 192 x 256,
168 x 96 x 512, 84 x 48 x 1024 and 21 x 12 x 2048, respectively. The PACBAM network
first convolves the four feature graphs with 1 x 1 to unify them into 256-channel. The
bilinear interpolation algorithm is used to realize the double up-sampling operation of the
feature graph, and the up-sampled feature graph is added from top to bottom to realize
the first fusion of the feature graph. The convolution kernel with the step size of 2 and
the size of 3 x 3 is used for down-sampling of the fused feature graph. The sub-sampled
feature maps are added from bottom to top to realize the second fusion of feature maps.
PACBAM network adopts bilinear interpolation to realize the up-sampling operation of
feature graph. The bilinear interpolation carries out linear interpolation in two directions
respectively, and the pixel value information of four pixel points around the target point
can be utilized. The nearest neighbor interpolation only selects the nearest pixel as the
pixel value of the target point. Bilinear interpolation reduces the information loss in the
process of feature graph transmission and improves the up-sampling accuracy. In addition,
PACBAM network adds a bottom-up feature fusion path on the basis of FPN network to
realize multiple fusion of multi-scale feature maps, so that the details of the bottom layer
can be better transferred to the top layer feature map.

Fl F2 F3 F4

ConvZd ConvZd
1x1 s=1 1x] s=1

Fig. 7. MPACBAM network

The feature graphs that have been fused twice are weighted using CBAM attention
mechanism, which helps to obtain the feature information that contributes more to the de-
tection results. CBAM includes a channel attention module and a spatial attention module.
Its structure is shown in Figure 8.
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Feature graph F Feature graph F' Feature graph F'°

Fig. 8. CBAM structure

Here M. is the weight of channel attention, M is the weight of space attention.
The channel attention module focuses on the real content of the target to be detected.
The specific calculation method is as follows.

M .(F") = oc(MLP(AvgPool(F) + MLP(MaxPool(F)))). (6)

Where M.(F") is the channel attention weight. o is the Sigmoid function. M LP
denotes multilayer perceptron. AvgPool and MaxPool are global average pooling and
maximum pooling, respectively. F' represents the input feature graph.

Spatial attention module focuses on the location information of the target to be de-
tected, which can reduce the interference of background information. The specific calcu-
lation method is:

M(F") = o(f7*"([AvgPool (F"); MazPool (F')])). 7

Where M (F") is the weight of spatial attention. f7*7 means that the convolution
kernel size is 7 x 7. F’ represents the feature map weighted by channel attention.

The weighted feature graph is convolved with a convolution kernel with step size of
1 and size of 3 x 3, and a total of 4 feature graphs from P2 to P5 are obtained. The P6
feature map is obtained by the maximum pooled up-sampling operation with the step size
of 2 on the P5 feature map. Finally, there are 5 feature maps from P2 to P6.

3.2. Pooling Layer of Region of Interest

The Rol Pooling layer proposed in Fast R-CNN can significantly accelerate training and
testing and improve the detection accuracy. For boxes with different sizes, Rol Pooling
can also obtain feature maps with fixed sizes. Floating point rounding occurs when the
image reaches the feature mapping through the convolutional network to obtain the posi-
tion of the candidate frame and when the Rol Pooling is applied to the position of each
small grid. These two quantifications are likely to lead to the deviation of the position of
the candidate box. First, the continuous coordinates (x1,y1) and (x2, y2) of ROI should
be integer quantized. Let downward rounding and upward rounding of coordinate compo-
nent z be floor(z) and cell(x) respectively. The discrete eigenvalues w;; on the feature
graph are calculated by summative operation, and the nearest neighbor sampling oper-
ation is carried out. Quantization will result in a mismatch between the image and the
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feature map. The calculation formula of ROI pooling result 7pooring (21, Y1, €2, Y2) on the
feature map is:

cell(xz2) cell(yz)
Zi:floir(zl) Zi:floir(yl) Wi
cell(xa) — floor(x1) + 1) x (cell(y2) — floor(y1) +1)°
®)

Tpooling(xh Y1,T2, y2) = (

The RolAlign Pooling method is proposed in Mask R-CNN algorithm, which can ef-
fectively reduce the errors generated by Rol Pooling quantization operation. RolAlign
takes no quantization and uses bilinear interpolation to convert pixel values on the image
to floating point numbers, thus converting the entire feature aggregation processing into
a continuous operation. In order to eliminate the quantization error of Rol Pooling dis-
cretization, the center point obtained by bilinear interpolation operation within the range
from the point to the top, bottom, left and right discretization points of N = 4. We use
formula (3) to operate each successive point (a;,b;) once. Bounding box is the corre-
sponding region of ROI region on the feature graph, so the pooling result of ROI region
align can be expressed as:

N

Patign (1,91, %2, y2) = > f(ai, b;)/N. (€))

=1

Where f(-) represents the eigenvalue of the feature graph. NV is the number of feature
points.

The connection model of fully connected layer of convolutional neural network is dif-
ferent from that of convolutional layer and pooling layer, which contains a large number
of parameters. According to the study of reference [21], fully connection layer is easy to
lead to over-fitting, thus reducing the generalization ability of the network. The main idea
of improving the classification network is to reduce the number of parameters in the full
connection layer to reduce the computation and prevent over-fitting. Therefore, this paper
modifies the classification network, as shown in the dotted line box at the classification
network in Figure 2. A convolution layer is added before the fully connected layer to
reduce the number of parameters in the feature graph and make the classifier more power-
ful. In this paper, 3 x 3 convolution kernel is used. Small convolution kernel cannot only
realize the function of large convolution kernel, but also reduce the number of parameters
and speed up the calculation. In addition, this operation can prevent the over-fitting phe-
nomenon caused by the large dimension of the fused feature, and reduce the feature size
by 1/2, which is convenient for the subsequent calculation.

3.3. Bounding Box Optimization with Improved NMS

The NMS algorithm is widely used in edge and target detection. It can solve the problem
that a large number of candidate boxes overlap when the target is surrounded by a large
number of candidate boxes during classification. The steps of the NMS algorithm are as
follows:

1. Sorting all the candidate boxes according to their score and selecting the candidate
box with the highest score.
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2. Comparing the remaining candidate boxes with the candidate box ( highest score) in
turn. If the overlap area between the two boxes is greater than a certain threshold, the
box will be deleted.

3. Repeat step 2 by selecting the highest score box from the unprocessed candidate box
(one that does not overlap the highest scoring box), leaving only the target in the
optimal box.

In object detection process, the NMS algorithm can be understood as a process of
scoring boundary boxes, and its linear weighting function can be expressed as:
GNMS _ st M8 Xpou (M, bs) < Ny (10)

' 0, X100 (M, b;) > Ny

Where sNM5 is the IOU corresponding to the i — th prediction box. N; indicates
the suppression threshold. b; indicates the ¢ — th prediction box to be filtered. M is the
boundary box with the maximum score. X;op is the union of the intersection ratio of
the predicted boundary frame area A and the actual boundary frame area B, which can be
expressed as:

ANB

A0B an

Xrou =

As can be seen from the preceding steps, the original prediction box will be deleted
when detecting the same type of objects with a large amount of overlap. As shown in
Figure 9, the detection result should output two boxes, i.e. 0.75 and 0.90. However, the
traditional NMS algorithm may delete the solid box with low confidence. As a result, the
confidence level of the box with a confidence level of 0.75 becomes 0.00 or 0.35. The
detected actual output has two boxes. If the IOU of the solid and dotted boxes on the
NMS is greater than the threshold and the score of the solid boxes is low, so the IOU will
be deleted. As a result, only the targets in the dotted box can be detected, reducing the
recall rate of the targets. In order to solve this problem, the Soft-NMS algorithm is used to
replace the NMS, and the score can be recursively scored according to the current score,
instead of directly deleting the adjacent boxes with lower scores. When the same type of
objects are highly overlapped, the situation of deleting the prediction boxes by mistake
is reduced. Soft-NMS algorithm does not need to introduce any hyperparameters in the
training stage. The hyperparameters used to adjust the Soft-NMS algorithm only occur
during the test or demonstration phase and do not increase the computational complexity.
The procedure of the Soft-NMS algorithm is as follows:

1. Grouping tags according to different types to predict all candidate regions in different
tags.

2. All boxes in each category are denoted as F, and the set of filtered boxes are denoted
as D. a) Select box M with the highest score and add it to D; b) Calculate the overlap
area between the remaining frame and M. If it is larger than the set threshold N, it
will be discarded; otherwise, it will be retained; c) If all boxes obtained in step b) are
empty, return to Step 2), otherwise continue to perform step a);

3. After the above process is completed, it keeps all categories in the collection of valid
boxes.
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Fig. 9. NMS process

The linear weighting function in Soft-NMS can be expressed as:

s X 1o (M, ;) < N,

Soft __
8
{Sisoft[l — X1ou (M, b)), X1ov (M, b;) > Ny

(12)

Where sf o/t is the classification score corresponding to the ¢ — th prediction box.
Reference [37] compared the mAP of Soft-NMS and NMS under different thresholds
with the same data. The results showed that the best effect was achieved when the IOU
was set between 0.45 and (.70, so the IOU value was set as 0.70 in the next experiment.

4. Experiments and Analysis

4.1. Procedure of Experiment

This paper builds a deep learning framework based on MATLAB2017a, and the relevant
configuration of the test platform is Intel(R)Xeon(R) 2.30GHz CPU, NVIDIA Tesla 1060
GPU. The optimizer is stochastic gradient descent (SGD) algorithm. Initial learning rate
is 5 x 1073, momentum factor is 0.9. Decay learning rate is 8 x 10~%. Iteration number is
7000, batch size is 4, epoch number is 20. In RPN networks, the threshold of Soft-NMS
is 0.3. The number of prediction boxes retained by each image after being suppressed by
Soft-NMS is 2000.

4.2. Datasets

Different from natural images, remote sensing images have different target sizes and di-
rections. The background environment is also complex. This paper collects and compares
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a variety of remote sensing data sets, and analyzes their advantages and disadvantages.
Considering that the data quality of DOTA data set is high, with the highest resolution of
4000 x 4000 pixels, and it contains up to 15 categories. The samples are more balanced
than other data sets, and the scale changes greatly, so it is taken as the data set of the
experiment. At the same time, part of the data is collected from Google Earth and marked
by roLabellmg tool to provide data for the experimental test. There are 3000 images in
the sample set, including 1500 training samples, 500 verification samples and 500 test
samples.

The positive sample threshold of IoU is set at 0.7 and the negative sample threshold
is set at 0.3 to maintain a certain ratio of positive and negative samples. When the IoU
between anchor and GT(ground truth) is greater than 0.7, the anchor is considered as a
positive sample. When IoU is less than 0.3, the anchor is considered as a negative sample.
The IoU of anchor is within the (0.3,0.7). The IoU threshold of the NMS is set to 0.7.

4.3. Evaluation Index

Precision, Recall and Average Precision (AP) values under different IOU thresholds are
used as evaluation indicators. Accuracy is the ratio of the number of target regions cor-
rectly detected by the model to the total number identified as target regions in the test set.
Recall rate is the ratio of the target area correctly detected by the model to the total num-
ber of samples in the target area in the test set. AP value is a comprehensive evaluation
index, which is determined by the area under P-R curve drawn by Precision and Recall.
The calculation formula of each index is as follows:

TP

Precision = TPLFD (13)
TP
Recall = m (14)
1
AP = / P(r)dr. (15)
0

Where F'N is the target sample wrongly considered as the background. T'P repre-
sents the correctly identified target sample. F'P represents the background sample of the
misjudged target. r represents the Recall value, and P(r) represents the Precision value
corresponding to the r value.

4.4. Training Data Analysis

The model training results are shown in Table 2 and Figure 10, where the mAP is used
to test the training effect of the model, and mAP represents the comprehensive detection
accuracy of the model. With the increase of the iteration number, the mAP curve grows
smoothly. The reason is that the sample quantity of the last iteration in each Epoch is
less than that of the previous iterations, and the sample representativeness of the last
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iteration is poor, which slightly changes the iteration direction of the model and leads to
the larger loss value. With the increase of the iteration number, the distance between the
model training result and the global optimal solution gradually decreases. At this time,
the decrease of the iteration number of samples will not significantly change the direction
of iteration. This phenomenon will not affect the final training result of the model. After
150 network iterations, the model gradually converges, with mAP tending to 0.68.

Table 2. The comparison of mAP with iterations

Iteration number mAP

50 0.55
100 0.65
150 0.68
200 0.68
250 0.68
300 0.68

Iteration momber

Fig. 10. The curve of loss value and average accuracy with the number of iterations

4.5. Comparison of Pooling Methods

Table 3 shows the detection results of five types of targets by two pooling methods. It can
be seen that, compared with Rol Pooling method, the detection accuracy of RolAlign
pooling method is increased by 3%. Because there are a large number of small and
medium targets in remote sensing images and they are very dense, RolAlign reduces pixel
deviation during pooling, so the detection rate is improved to a certain extent compared
with Rol pooling method. In addition, this paper also calculates the test time of the two
methods, testing multiple images from the DOTA data set for testing, and calculates the
average detection time of the two methods.
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Table 3. AP comparison with different pooling methods/%

Method small-vehicle large-vehicle Plane
RolIPooling 60.1 83.2 89.6
RolAlign 65.5 86.5 92.7

4.6. Comparison with different State-of-the-art methods

In this paper, the training model of the M2F2-RCNN is used to carry out relevant tests on
the DOTA data set, including small vehicle, large vehicle, Plane. Table 5 shows the values
of Precision, Recall and AP.

Table 4. AP results with M2F2-RCNN

Object Precision/% Recall/% AP/%
small-vehicle 78.3 83.6 65.5
large-vehicle 89.7 84.5 86.5
Plane 91.7 93.4 92.7

Table 4 shows the results of target recognition on DOTA data set by the M?F2-RCNN
in this paper. It can be seen that large vehicle and plane have good recognition effect,
with an average accuracy of more than 85%. On the other hand, the identification effect
of small vehicle is poor, with an average accuracy of 65.5%. The reason is that large
vehicle and plane have significant shape, color and texture features, and the environment
is relatively simple, it is relatively easy to identify. However, Bridges are generally located
in areas with dense ground objects, with a large length-width ratio and a small number of
plane in the data set, so it is difficult to detect.

In order to demonstrate the effectiveness of the M2F2-RCNN, other advanced methods
are used for comparison. The models used are AOR [38], HASS [39], EAN [40] and
OSHP [41], and the results are shown in Table 5.

Table 5. AP results with different methods/%

Object AOR HASS EAN OSHP MZF?-RCNN

small vehicle 58.2  58.7 59.5 637 65.5
large vehicle 75.6 78.2 81.7 83.6 86.5
Plane 80.9 82.1 847 852 92.7

Table 5 shows that compared with AOR, HASS, EAN and OSHP, the MZ2F2-RCNN is
greatly improved in AP. M2F2-RCNN in Table 5 has higher AP values than other meth-
ods. For large vehicle, AP of M?2F2-RCNN is 92.27%, which is higher than that of AOR
(75.6%), HASS (78.2%), EAN (81.7%) and OSHP (83.6%). Looking through the data of
the whole table, it is not difficult to find that the proposed scheme can effectively detect
the region, and the results are satisfactory.
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5. Conclusions

For the problems existing in the Faster RCNN algorithm in region detection, we propose
M?2F2-RCNN model. Firstly, the feature extraction network is based on ResNet50 and the
dilated residual blocks are utilized for multi-layer and multi-scale feature fusion. Then, a
path aggregation network with a convolution block attention module (CBAM) attention
mechanism is added in the backbone network to improve the efficiency of feature extrac-
tion. Thirdly, the extracted feature map is processed, and RolAlign is used to improve the
pooling operation of regions of interest and it can improve the calculation speed. Finally,
in the classification stage, an improved non-maximum suppression is used to improve
the classification accuracy of the sensitive region. The experimental results show that the
M?2F2-RCNN can get better detection results. Future work will apply this theme in prac-
tical engineering. How to use deep learning technology to realize the rapid detection of
remote sensing image is still the focus of future research.
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Abstract. The popularity of RDF has led to the creation of several datasets (e.g.,
Yago, DBPedia) with different natures (graph, temporal, spatial). Different exten-
sions have also been proposed for SPARQL language to provide appropriate pro-
cessing. The best known is GeoSparq]l, that allows the integration of a set of spa-
tial operators. In this paper, we propose new strategies to support such operators
within a particular TripleStore, named RDF_QDAG, that relies on graph fragmen-
tation and exploration and guarantees a good compromise between scalability and
performance. Our proposal covers the different TripleStore components (Storage,
evaluation, optimization). We evaluated our proposal using spatial queries with real
RDF data, and we also compared performance with the latest version of a popu-
lar commercial TripleStore. The first results demonstrate the relevance of our pro-
posal and how to achieve an average gain of performance of 28% by choosing the
right evaluation strategies to use. Based on these results, we proposed to extend the
RDF_QDAG optimizer to dynamically select the evaluation strategy to use depend-
ing on the query. Then, we show also that our proposal yields the best strategy for
most queries.

Keywords: RDF, Graph Data, Spatial Data, TripleStore, Graph exploration, Opti-
mization.

1. Introduction

Since Google popularized the use of the term Knowledge Graph to designate all knowl-
edge used by its search engine, the number of this type of dataset has not stopped increas-
ing. Knowledge Graphs (KG) are labeled and directed multi-graphs that encode informa-
tion in the form of entities and relationships relevant to a specific domain or organization.
KGs are effective tools for capturing and organizing a large amount of structured and
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multi-relational data that can be explored using query mechanisms. Given these charac-
teristics, KGs become the backbone of the Web and existing information systems in dif-
ferent academic fields and industrial applications. Their power comes from their ability
to extend the existing knowledge without affecting the previous ones.

Following this large gain in popularity of knowledge graphs, the need for a standard
data representation format has become obvious. This is especially in the context of the
semantic Web due to its vision of globally accessible and linked data on the internet. In
order to meet that need, RDF (Resource Definition Framework) has been proposed as
the main standard for the semantic Web. In RDF format, Data are represented logically
by a graph-based structure. The advantage of such a representation relies on the fact that
it is schema-less, making it flexible and easy to adopt in different application domains.
Moreover, such flexibility makes RDF more suitable for fast changing data where nor-
malization is not possible or impractical due to the frequent changes to the underlying
schema.

RDF Data is structured using the concept of triples < subject, predicate, object >
where the object can be a literal of predetermined types (string, double, ...) or it can be the
subject of another triple leading to a graph structure. In the context of RDF data, SPARQL
has been proposed as a query language. Since RDF is a graph representation of data, the
query is composed mainly of a sub-graph where some subjects, predicates, or objects are
replaced with variables. This sub-graph is called a basic graph pattern (BGP). Answering
a SPARQL query is equivalent to finding sub-graphs that match the query pattern. On top
of the basic graph pattern (BGP) matching, it is possible to run filters on variables such as
Boolean expressions and regular expressions. The standard W3C norm of SPARQL does
not provide the possibility to express spatial filters. However, many extensions have been
proposed to improve the expressiveness of SPARQL, making it able to express spatial
filters. The most known extensions are GeoSparql [4] and stSparql [19].

Many attempts have been proposed to implement OGC GeoSPARQL [4] by the com-
munity. Such implementation is a hard task since it requires changes on many levels of
the triples store (storage, indexing, evaluation engine and optimizer). The changes also
depend on the type and architecture of the Triplestore. For example, strategies that work
on a Triplestore based on a single table strategy (eg. 3-Store[ 14]) may not work on another
based on property table (eg. Jena[36]).

Some of the existing Triplestores are capable of answering Spatial-RDF queries with
variant capabilities. Most of them are based on the relational model, whereas, others are
based on single table or fact strategies. Nevertheless, all the previously mentioned ap-
proaches suffer from a high number of joins, which leads to performance and scalability
problems. Recently in [17], the RDF_QDAG Triplestore was proposed. It relies on graph
fragmentation and exploration, making it able to offer a better performance and scalability
compromise. In this work, we take advantage of such capabilities and expand the system
to be able to handle spatial data without the loss of this trade-off. The proposed exten-
sions are, to the best of our knowledge, the first that provide spatial-RDF data processing
in a graph exploration system. We managed throw the proposed approaches to achieve an
average gain of performance estimated at 28%.

In this paper, we discuss the extension of RDF_QDAG in order to add the support of

spatial operators and filters proposed in GeoSPARQL. The contributions of this paper can
be summarized as follows:
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Two evaluation approaches for spatial-RDF data (Spatial-First and BGP-First) are
proposed.

An existing spatial indexing approach [22] is adapted to be compatible with the graph
exploration logic in RDF_QDAG triplestore. This indexing approach is used in the
Spatial First strategies.

— The effect of the query evaluation strategies and the optimization techniques on the
performance of RDF_QDAG, is studied in depth.

An optimizer capable of selecting the best available evaluation strategy based on the
query and statistics about the RDF and spatial data, is developed.

Finally, an extensive experimental evaluation of the proposed approaches is con-
ducted and compared with a well known and used commercial Triplestore.

The rest of this paper is organized as follows. First, we provide a comprehensive re-
view of related work in section 2. Then, we state the basic concepts in section 3. After
that, we explain the proposed query evaluation strategies with the help of running exam-
ples in section 4. In section 5, we address the optimization issue and establish the basis
of an optimizer capable of choosing the best evaluation strategy based on the available
statistics and metadata. To validate the proposed approaches, in section 6, we discuss the
results of the experimental validation performed. Finally, we conclude the paper and list
some future perspectives.

2. Related Work

In this section, we provide a critical review of main related work. We have divided this
review in three parts: (i) work related to RDF data processing ; (ii) work related to Spatial
data processing ; and (iii) work related to Spatial-RDF data processing.

2.1. RDF Data Processing

One can summarize the approaches dedicated to RDF data processing w.r.t. to their stor-
age strategies of data. Four families of approaches can be distinguished (see Table 1 for a
comparison):

1. The most intuitive way to store RDF data is by using a single big relational table
that contains tree columns corresponding to the subject, predicate and object. This
strategy is known as the single table strategy.

2. A second alternative storage option is the binary table. In this approach, for each
property, the system stores a binary table containing the subject and the object. This
approach is widely used for salable distributed systems [9].

3. The third approach is called "Property table”. Indeed, subjects with common pro-
prieties are grouped and stored in a large horizontal table. Each column in the table
corresponds to a property.

4. In the fourth approach, RDF data is modeled and stored in its native graph form. Sub-
jects and objects are considered as nodes, while properties are considered as labelled
edges.
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Table 1. Comparison of different storage strategies for RDF data, including examples of triplestores
that utilize each strategy, their advantages and disadvantages.

Storage Strategy  Triplestore Exam- Advantages Disadvantages
ples
Single Table Oracle, Sesame [8], Intuitive Large number of self joins
3-Store [14] needed for queries
Binary Table SW-Store [3], C- Suitable for dis- Loss in performance with
store [35] tributed systems multiple properties, many ta-
bles needed for updates
Property Table Jena [36], Efficient for queries Difficulties  with  chain
DB2RDF [5], with star patterns queries, storage overhead due
4store [15] to null values, does not allow
multiple values for the same
property

Native Graph Form  Trinity [38], gStore, Stores RDF data in N/A

RDF_.QDAG [17, its native form
39]

As for the Triplestore RDF_QDAG [17], it stores RDF data in a graph form and it

answers the queries using a graph exploration. For an efficient exploration, RDF_QDAG
uses a combination of data partitioning and indexing techniques. First, the graph is par-
titioned in many fragments called Graph Fragments (GF for short). Each GF is then
indexed using a clustered B+Tree. Similar to some existing works, RDF_QDAG keeps a
separate dictionary of string values. The indices store only IDs rather than the strings. For
more efficiency, RDF_QDAG makes use of two different orders SPO and OPS to store
indices.

2.2. Spatial Data Processing

In this section, we focus on storing and indexing techniques of spatial data. Hereafter, the
principle of each technique is presented (see also Table 2 for a comparison).

1.

2.

Grid files [29]: Partition the space into stripes alongside each dimension. The width
of a strip can be variable and the number of stripes may differ for each dimension.
Kd-trees and kdb-trees [27][33]: Tree based structures that store data entries in the
leafs. Each node in the Kd-tree splits the space along side one dimension (X for
example) constructing two children. Each child node splits the space in the other
dimension (Y in this case). We keep cycling throw dimensions on each layer until we
reach the leafs.

Quad-trees [32][28]: They work as follows: each node recursively divide the space
into four quadrants until each bucket (leaf node) has less objects then a given maxi-
mum capacity. During update operations, as soon as a bucket exceeds the given ca-
pacity threshold, a split operation is triggered.

R-trees [13, 18]: They rely on object grouping based on the construction of MBRs
(Minimum Bounding Rectangles). To get a tree like structure, we keep grouping re-
cursively MBRs inside each others to construct higher levels until we get one root for
the tree. Properties are considered as labelled edges.
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The processing of Big spatial data covers various domains and applications, includ-
ing distributed computing frameworks, spatial data analysis and modeling, and spatial
data quality. Notable contributions to this field include the work of Lee et al.[21], which
provides an overview of the challenges and opportunities of processing Big spatial data. In
addition, distributed computing frameworks such as SpatialHadoop[10] and GeoSpark[37]
have been introduced for processing large-scale spatial data. More domain-specific ap-
proaches have also been proposed, such as Astroide[6], a scalable Spark-based processing
engine for Big astronomical data, and the work of Papadopoulos et al.[25], which focuses
on the challenges and opportunities of using Big data processing techniques for climate
change research. Together, these works demonstrate the importance and impact of Big
data processing for spatial data analysis and management.

Table 2. Storing and indexing techniques of spatial data.

Technique Advantages Limits
Grid files [29] Good performance in certain ap- Performance can be severely affected
plications. by a high number of dimensions. High

cost of Balancing, Splitting or re-sizing
a single cell Unsuited then for highly
skewed data.

Kd-trees and Built efficiently in time com- Hard to balance because the direction of

kdb-trees plexity O(nlogn). Offer efficient split is different for each level
[27](33] nearness search with time com-
plexity O(log n)
Quad-trees Good performance in nearness Many empty nodes are stored in the
[32]128] queries and KNN joins form of chains (which can be solved

by the external balanced regular (x-BR)
trees). Unsuited for secondary storage
due to low fan-out
R-trees [13, Lighter memory footprint. Rely on To answer a query, multiple sub-trees
18] object grouping and not space par- needs to be considered
titioning

2.3. Spatial-RDF data processing

In order to represent geographical linked data for the semantic Web, the Open Geospatial
Consortium has proposed GeoSPARQL [4] as a norm that extends classic SPARQL. Many
Triplestores have subsequently been subsequently extended to support the processing of
this new standard. The spatial extension of RDF stores extensively depends on the storage
model and the query evaluation engine.

For instance Strabon [20], an extension of Sesame [8], supports spatial data. It stores
data in PostGIS. It implements a propriety table approach, where each table is indexed
using SO and OS indices. Spatial data are saved on a separate relational table. This later
is indexed using an R-tree [13]. The query optimizer extension of Strabon is simple. It
relies on heuristics to push down spatial filters. Since Strabon is based on an old RDF
store (i.e., Sesame), it lacks many optimization techniques used in modern Triplestores.
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Table 3. Overview of different spatial extensions of RDF Triplestores.

Extension Underlying RDF Storage Spatial storage
system

Strabon [20] Sesame [8] Triple table in PostgreSQL R-tree

Brodt et al. [7] RDEF-3X[24] Heavy indexing R-Tree

Geo-Store [34] RDF-3X[24] Heavy indexing Grid file

Virtuoso [2] RDBMS N/A N/A

Oracle N/A N/A N/A

GraphDB [1] N/A N/A N/A

Brodt et al. [7] extended RDF-3X [24] to support spatial data. In this work, the range se-
lection operation is the only spatial operation supported leading to very limited extension.
Moreover, the spatial filtering is also limited to either at the beginning of the query eval-
uation or at the end of the query. Geo-Store [34] is another spatial extension of RDF-3X.
Geo-Store relies on a grid file to index the spatial data. The Hilbert space-filling curve is
used to establish a global order for each cell on the grid. Each spatial object will be pared
in the order of the cell that it resides in. An additional triple is added to the data graph in
the following form: < o, hasPosition, gridPosition >. The additional triple leads to an
additional join step while processing the queries. Note also that spatial RDF queries are
also supported by many commercial systems, such as Oracle, Virtuoso [2], and GraphDB
[1]. However, details about their internal design are inaccessible.

3. Background and Preliminaries

This section introduces the principle of Spatial DataBase Management Systems (SDBMS),
some main formal definitions related to RDF graph management and an overview of the
architecture of the RDF_QDAG Triplestore.

3.1. SDBMS Systems: A refresher

SDBMS systems are database systems that support spatial data types in their models,
their query languages and provide efficient ways to process spatial operations [12]. The
term spatial data types refers to every data object that contains coordinates in some multi-
dimensional metric space. SDBMSs are considered as the basis of Geographic Informa-
tion Systems (GIS) and many computer-assisted design systems (CADs).

Spatial information can be represented in two different ways: Raster or Vector [30].
Raster data refer to an array or a matrix where each cell (pixel) represents a rectangular
region. Vectors represent object features in the form of geometric shapes. In this work, we
focus on vector representation.

In addition to storing spatial data, SDBMs need to perform spatial operations to an-
swer queries. Spatial queries can be categorized into nearness queries, region queries and
join queries. Nearness queries allow to find objects close to a certain point. While region
queries aim at finding objects that reside fully or partially in a certain region. Finally, the
join queries are operations that allow to filter the Cartesian product of two datasets based
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on a given condition (i.e., Boolean expression). In the case where the condition implies a
spatial operation, this join is called a spatial join.

In most geographic information systems, we rarely find only spatial data. We generally
find other plane standard data types (i.e strings, doubles ...). These data types also need to
be stored, queried and updated. A common way SDBMS fulfill this need is by using the
relational model. The combination of the relational model with the spatial data has been
well studied in the literature [11, 31]. However, combining spatial data with graph model
has been little studied. The advantage of using a graph model is the ability to store data
without passing by a schema, giving more flexibility for the information systems.

3.2. RDF graph formalisation

In this work, we propose a system capable of handling Spatial and graph data represented
by means of RDF format. Data in RDF are represented using triples called SPO triples
(subject, property, object). Subjects are identified by a Uniform Resource Identifier (URI).
The property represents the relationship between the subject and the object. The object
of a triple can be either the subject of another triple or just a simple data value called a
literal. Following this format, we can represent data as a graph where the nodes are sub-
jects/objects and the edges are the proprieties. Below, we provide some formal definitions
on RDF graph necessary for the reading of the next sections.

Definition 1. (RDF graph) An RDF graph is a four-tuple G = (V, Ly, E, Lg), where

1. V' Is a collection of vertices that correspond to all subjects and objects in RDF data.
The set V' can be divided into V; and V, where V) is the set of literal vertices and V,
is the set of entity vertices.

2. Ly is the set of vertex labels. The label of a vertex w € Vy is its literal value, and the
label of a vertex u € V, is its corresponding URI.

3. F = m is a collection of directed edges that connect the corresponding subject
and objects.

4. Lg is a collection of edge labels. Given an edge e € I, its edge label is its corre-
sponding property.

To query RDF data, we use SPARQL [26]. It is a query language that expresses queries
using a basic graph pattern (BGP) containing variables. The answer to the query is the
mappings of the variables where a sub graph from the data matches the graph pattern of
the query. Filters can be added to the query in order to express some conditions on the
graph elements. The following is a formal definition of a SPARQL query:

Definition 2. (Query graph) A query graph is a five-tuple Q = (V?, Lg, E?, L%, FL),
where
1. Ve =VRuU VlQ U VPQ is a collection of vertices that correspond to all subjects and
objects in a SPARQL query, where VpQ is a collection of parameter vertices, and V.0
and VIQ are collections of entity vertices and literal vertices in the query graph

reépectively.
2. Ly is a collection of vertex labels in (). A vertex v € VpQ has no label, while that of

avertex v € VlQ is its literal value and that of a vertex v € V.9 is its corresponding
URL
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3. EQ isa collection of edges that correspond to properties in a SPARQL query. L% are
the edge labels in EX.
4. FL are constraint filters, such as a wildcard constraint or a spatial constraint.

When storing spatial data using the RDF format, spatial information is stored in the
literals. As a consequence, to express spatial operations, it is necessary to use spatial func-
tions in the filter part of the query. There are many extensions to the SPARQL language
to support spatial filters. Here, we rely on the GeoSPARQL standard [4] defined by the
Open Geospatial Consortium (OGC). It extends both RDF and SPARQL to express spatial
information and queries. See also stSPARQL [19] for a similar set of features.

3.3. Architectural overview of RDF_QDAG

Scheduling System o
layer statistics Optimizer
Engine Data SQ Dictionary Spatial
Layer Extractor Matcher decoder Engine
Buffer
Layer Volcano Handler
Storage Access methods
layer Dictionary
B+ Trees R Tree

Fig. 1. Architectural overview of RDF_QDAG

RDF_QDAG [17] is composed of several layers. Each layer contains many compo-
nents, as shown in figure 1. In this section, we present the overall architecture of the
system and we detail the process of query evaluation.

Data storage The storage layer in RDF_QDAG is responsible for efficiently storing and
accessing different types of data, mainly Graph and Spatial data. We note that data in
RDF_QDAG support many native data types such as Strings, Integers, Doubles and more.
To efficiently query all types of data, RDF_QDAG uses mainly three access methods
B+tree, R-tree and a Dictionary.

The main storage of the graph data is the B+Tree. In order for the graph to be stored
without losing the semantics that relies in the edges of the graph (Predicates in case of
RDF), the graph should be partitioned into graph fragments while taking the connectivity
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between them into account. The ideal graph partitioning strategy is the one that maximizes
inter-partition connectivity and minimizes intra-partition connectivity.

Each graph fragment is a grouping of Data Stars. Data stars extend the notion of tuple
in the relational model. We define data stars formally as:

Definition 3. (Data Star) Given a node v (named data star head) in a RDF graph G,
a Data Star DS(x) is the set of either triples sharing the same subject x, or the same

object x. We name Forward Data Star and Backward Data Star the sets ﬁ (x) =

{(z,p,0)|3p, : (x,p,0) € G} and ﬁS(z) = {(s,p,x)|3sp : (s,p,z) € G} respec-
tively.

If we compare the notion of data star with the notion of tuple, the primary key of a
tuple corresponds to the head z of a data star DS(z). RDF_QDAG groups similar data
stars into sets called Graph Fragments using characteristic sets [23]

Each subject s in the graph G has a characteristic set defined as c$(s) = {p|3, :
(s,p,0) € G}. Similarly, for objects, &5(0) = {p|3s : (s,p,0) € G}. A forward graph
fragment G f groups forward data stars with the same characteristic set. The backward
graph fragments G f are formed identically. The formal definition of this concept is given
in definition 4

Definition 4. (Graph Fragment) A Graph Fragment is a set of Data Stars. It is named a
Forward Graph Fragment G f if it groups Forward Data Stars such that:

GF = (DS () Vi (ws) = T(wy)}.
Likewise, a Backward Graph Fragment (<¥—f is defined as
GF = {DS (@) Vs 5 (ws) = E5(wy)}.

Once the graph is partitioned into graph fragments, each fragment is loaded into an
index. The index used in the case of RDF_QDAG is a B+tree. The efficiency of this type
of index is well studied for this type of graph data [17]. Also compression techniques
are used to optimize the space usage for storage and the number of pages loaded into the
buffers while evaluating queries.

In the context of optimizing space usage, Subject and Object of the graph that are
of type String or URI are replaced with an ID. Otherwise, the size of the fragments will
be significant. Especially since the values of subjects/objects may figure many times in
the fragments. However, this technique necessitates a dictionary to store < value, ID >
combinations. Moreover, an additional encoding and decoding step is required to evaluate
each query.

The third and the last access method is a spatial access method (namely R-tree) that
we added in the context of this work as an extension of RDF_QDAG to support spatial
queries. More details on spatial indexing are in section 4.

Scheduling Layer The main component of the scheduling layer is the optimizer. The
optimizer has the role of selecting the best execution plan for a given query. This process
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is divided into two steps: (i) plan enumeration and (ii) cost estimation. The plan with the
lowest estimated cost is the one chosen by the optimizer for evaluation.

The nature of the plan depends on the system design. In classical systems, a plan can
be considered as a sequence of join operations on triple patterns. However, in RDF_QDAG,
the notion of data star is proposed as an equivalent of tuple in the relational model. In a
similar fashion, the notion of a star query is proposed. Indeed, triple patterns with the
same Subject or Object are grouped together as a forward or a backward data star.

Definition 5. (Query Star) Let QQ be the SPARQL query graph. A Forward Query Star
Q?’(x) is the set of triple patterns such that @(m) ={(z,p,0)|3p,0 : (x,p,0) € Q}, =
is named the head of the Query Star. Likewise, a Backward Query Star % (2)is QS(x) =

{(s,p,2)|3s,p : (5, p,2) € Q}. Weuse Q?, %’ to denote the set of forward and backward
query stars and qs to denote indistinctly a forward and backward query star.

An execution plan is an order function applied on a set of Query Stars and Filter
Unites. The function denotes the order in which the mappings for each Query Star will be
found and the order in which the filter unit will be evaluated

Definition 6. (Execution Plan) . We denote by P = [QS1, @S2, Fui(p1,p2), .., @Sy)
the plan formed by executing QQ.S1, then QQSa, then evaluating the filter unit Fuq(p1, p2)
which requires the mappings of p1 and po parameters.

Engine Layer The engine layer is the layer responsible of evaluating the query. More
precisely, it is responsible of evaluating the optimal plan provided by the optimizer.

The evaluation of a Query Star consists of finding matches between the variables of
the Query Star and the nodes of the data graph. For each triple in the star, we seek the set
of mappings, that satisfies it. Next, we merge the mappings related to the triples to build
the Query Star matches.

Definition 7. (Star Query Evaluation) The evaluation of a Query Star QS(x) against the
graph G is formally defined as follows:

[QS(2)]e = {ltpilc x [tpalc ™ ... x [tpn]cln = card(QS(x))}

where:

[tpile » [tpile = {mYpelm € [tpila and p, € [tpila, i ~ pr and p(tp;) # pr(tpj)}

We denote that a mapping p is a function V;)Q—>VG. Given two mappings p1 and pio,
pa ~ p2 = p(?x) = p(?z).

Based on the previous definitions, we can determine the evaluation of a query using
the set of query stars, as follows:

Definition 8. (Query Evaluation) Given a set of stars, {qs1, q$2,...,qSy, },that cover the
query, Triples,(gs1) U Triples,(qs2) U ... U Triples,(qs,) = Triplets(q), the evalu-
ation of the BGP part of the query q using the set of query stars is defined as follows:
[de = {n:Vu € lgsi]e = [gs2]a ™ ... x [gsn]c }
We can also set the query BGP evaluation based on fragments, as follows:
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laglc ={n:Vue UGf\:qsl[[qsl]]Gf X Ugf|:q52[[q82ﬂcf M. M Ucf\:qsn lasnlcyr}

Where Gf = qs iff cs(qs) C es(Gf)

The full evaluation of the query is the evaluation of the BGP part and the filters F'L
and it is defined as follows

lagle = {p: Vu € [gs1]a ™ [gs2]a ™ ... x [gsa]alu = FL}

| WHERE {
;| ?p <hasArea> ?a .

5| 21 <hasGeometry> ?g .

SELECT ?p

?p <isLocatedIn> 21 .

}i

Listing 1.1. Example of simple RDF query (Q1)

An execution plan P is called an Acceptable Execution Plan if it fulfills the following
conditions:

1. Coverage: All nodes and predicates of the given query are covered by the set of

%

Query Stars of the plan.In the case of Query @1 the execution plan [ 7], 7p] is not an
acceptable plan since it does not cover the edge < hasGeometry > and the variable
7
’g.

2. Instantiated head: This condition guarantees that for a plan P = [QS1,... ,@Sy],
V;>1@.S5, the head of the ().5; must be already instantiated. We use this condition to
avoid to a Cartesian product when mappings are exchanged between two star queries.

For example, in the case of Query (), the execution plan [?], g, ?p] is not an ac-

ceptable plan since the mapping of ?g is not yet available for the second 7g to be
evaluated. In this case the instantiated head condition is not satisfied.

The formal definition of an Acceptable Plan is given in Proposition 9.

(_
Definition 9. (Acceptable Plan) AP Let us consider Q) as a given query, Q? and QS as
the sets of forward and backward graph star queries respectively, T has the set of triple
patterns and the following functions:

F
-Tr: QU Q? U QS — T It returns the set triple patterns of a query star or a query.
H
- Nd: @%’ U QS — V It returns the nodes of a query star (subject or object).
(_
— Head: Q? U QS — V afunction that returns the head of a query star.

Anacceptable plan AP is a tuple < X, f > where X C Q?U&gandf X = {1 X}
is the query stars order function such that:

I Ugsex Tr(@S) = Tr(Q)
2. Vi € {2..|X[}, Head(f ' (3)) € UjZy Nd(f 7 (5)
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4. Query Evaluation Strategies

In this section, we present two evaluation strategies for Geo-SPARQL queries which are
implemented in RDF_QDAG. In order to better illustrate those strategies, we show the
processing of the example query Q2 on the dataset D1.

PREFIX gv: <http://geovocab.org/geometry#>
2| PREFIX ogis: <http://www.opengis.net/ont/geosparqgl#>

select ?g

s| where {

?0 type "cultural".

?0 gv:geometry °?p.

?p ogis:asWKT 2g.

FILTER( bif:st_intersects(
bif:st_geomfromtext ( "POLYGON ( (7 43, 8 43,
8 44, 7 44, 7 43))" ), 29 ) )

2| };

Listing 1.2. Example of spatial selection query (Q)2)

Table 4. Example of RDF triples (dataset D1).

Subject Predicate Object

Tennis Championship hostedln  Paris

Tennis Championship type Sports

Tennis Championship geometry Gl

Gl asWKT Point(2.34 48.85)
Festival of Lights hostedln  Lyon

Festival of Lights type Cultural

Festival of Lights geometry G2

G2 asWKT Poit(4.846 45.75)
Film Festival hostedln ~ Cannes

Film Festival Type Cultural

Film Festival geometry G3

G3 asWKT Point(7.012 43.55)

It is worth noticing that the existing formal framework for query plan and query eval-
uation do not take the filters into consideration. Previous contributions have focused on
the graph matching aspect of the query evaluation. The filters were considered as an im-
plementation detail. However, to introduce support for spatial filters, the existing formal
definitions need to be extended to consider the spatial operators used in the filter clause
of the query.

As we mentioned in definition 2, the Filter function F'L is a truth function. We then
express this function in a conjunctive normal form. We also introduce the concept of filter
units as the operands of the mentioned conjunction.

Definition 10. (Filter Unit)
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Let P be a subset of query parameters P € ’P(VPQ). and qsp the parameters of the
star query gs. A filter is a truth function FL : [q4]c—{0,1}. Filter function can be
expressed as a conjunction of operands. We name each operand a filter unit F'u.

FL=Fu; ANFusA...N\Fu,

Using this concept of filter units F'u, one can see that the definition of an execution
plan is extended. In the previous definition, the execution plan is a sequence of star query
evaluation. While this is sufficient to perform the graph matching, it is not enough to
consider the filters. In the new definition of the plan, we consider two types of operators:
the classical star query evaluation and the new filter unit evaluation.

Definition 11. ( Execution Plan - extended definition) .Let P be a tuple < X, f > where
X C Q? U QS UFLand f : X — {1...|X|} is the query stars order function.

We denote by P = [QS1, @S2, Fui(p1,p2), ..., @S] the plan formed by executing
QS1, then QSs, then evaluating the filter unit Fuq(p1, p2) which requires the mappings
parameters py and ps.

As mentioned before, to ensure a graph exploration logic, not all plans are acceptable.
An execution plan is considered acceptable if, starting from the second star query, the
head of the star is already instantiated. In a similar fashion, the position of the filter unit
is critical. We can execute a filter unit only if the mappings for the parameters of the filter
units are already available. On this principle, we extend the definition of an acceptable
plan using the following condition:

Definition 12. (Instantiated filter unit parameter) Let consider the function Param: FU —
V}, a function that returns the parameters of a Filter Unit. An acceptable plan AP is a

tuple < X, f > where X C Q?U QSUFLand f : X — {1...|X|} is the query stars

order function such as Vi € {2...| X |}, Param(f~1(i)) € UZ L NA(FL(G)).

To provide a better explanation of the concept of an acceptable plan let’s consider

%
query Q_2, which contains the following star queries in the BGP: % D, %7, 70, and ?
The filter function consists of a single filter unit,
Fu(?g) =?g-DC” POLY GON ((—100...20))”. There are many possible execution plans

for this query, but not all of them are acceptable. For example, the plan [?0, 7g, Fu(?g)]
is not acceptable because we need mappings of 7g to be able to evaluate 7g. The existence
of such mappings is mandatory for all star queries except the first one. This is an exam-
ple of a plan that does not satisfy the instantiated head condition explained in Section 3.
Additionally, the plan [Z)), Fu(?g), @] is not acceptable because, after evaluating %, the
mappings of 7g are not yet available to process the spatial filter F'u(?g). In this case, the
condition of instantiated filter unit condition (definition 12) is not satisfied.

An example of an acceptable plan of the query Q2 is [?_ZJ,%,Fu(?g)] or

[%, Fu(?g), ?p]. To evaluate acceptable plans, two strategies are discussed: BGP-First
strategy and Spatial-First strategy.
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4.1. BGP-First strategy
This strategy consists of finding matches for the graph pattern first, before proceeding

to run the filter on the results of the matching process. An example of a plan where this
strategy can be considered is the following AP, = [?0, 7p, Fu(?g)].

-r----

I | > Spatial filter >
IDe(:odmg : Fu(%g)

2 10| 1o v

Output buffer
) T
Graph fragments SQ-buffer D

(B+ Trees)

® ®

20 p 20 p ?g 20 p g

2> | %

=

Output results

Festival of lights| G2 | |Festival of lights| G2 | Point(4.847 54.75)| | Film Festival G3 [ Point(7.012 43.55)
Film Festival G3 Film Festival G3 | Point(7.012 43.55)|

Fig. 2. The execution of an BGP-First plan

The sequence of star queries and filter units listed in the logical execution plan does
not consider implementation details. Therefore, we illustrate the full execution in figure
2. First, the graph matching part of the query is evaluated. Appropriate graph fragments
are considered for evaluating each star query. Data in each fragment is stored in a B+tree
in order to efficiently retrieve it from the disk. Once the information needed is retrieved,
it is placed in a buffer, named SQ-buffer, so it can be used by the following operator in
the plan.

The same logic is applied to spatial values. The true objects shapes can be significantly
large depending on the geometry of the object (values describing Polygons are larger than
values describing points for example) and on the resolution used to represent the object.
To keep the size of the database low, and to maintain system performance, true shapes are
stored in the dictionary.

Once the shapes are retrieved from the dictionary, the filter function F'L is evaluated.
In the case of ()2, the filter function is composed of a single filter unit F'u(?g). This
latter is evaluated in two steps (filter and refine). The Algorithm 1 is an example of an
intersection filter without any loss of generalization to other region connection calculus
operations. In the filter step, only MBRs of the shapes are considered (line 4) to signif-
icantly reduce the search space. The refining step considers the full geometry (line 11
and 12) hence, it is computationally expensive. However, it is necessary to eliminate false
positives from the previous step.
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Algorithm 1: Intersection Filter (L, Qb, Q)
Data: M: List of mappings;
s: Spatial object;
use_true_shape: flag to use true shape;
Result: Q: The set of mappings that intersect s
Q « 0;
for m € M do
(M BR(m), m) + decode(m);
if M BR(m)—-DCM BR(s) then

add mto Q;

continue;

if m is a point then
‘ continue;

if use_true_shape = false then
‘ continue ;

GEO,, < parseGeometry(m);

if GEO,,~DC's then

13 ‘ add m to Q;

14 end

15 return Q;

e e N AW N

e e
N =

4.2. Spatial-First strategy

The BGP-First strategy presented above can answer spatial-RDF queries and can be easily
integrated into the execution model of RDF_QDAG. However, it has some limitations that
we discuss in this section. In this section, we introduce the second proposed strategy
Spatial-First.

When we consider the same example query (2 with the same dataset D1, one can
observe that multi le_;/alid plans can be run tg) argwer the quer§w_e> can list a fg}}v of them
as an example: [?0, 7p, Fu(?g)], [cultural, 7o, 7p, Fu(?g)], [*p, 70, Fu(?g), ?0]. All the
listed plans have a common problem. Since the filter unit relies on the execution of the
previous query stars, values of the geometry need to be obtained from the dictionary. As
a result, it is impossible to use any spatial access method to speed up the spatial filter
evaluation.

In the Spatial-First strategy, we try to take advantage of a spatial access method. To
do so, we can only consider execution plans that start with the spatial filter. In the case
of query ()2, the plan we consider is the following [Fu(?g), %, %, 7_0>] As before, the
spatial filter is run using two steps. However, this time, the filtering step can benefit from
the spatial index.

The structure of the spatial index we use is an R-tree with some modifications for
better integration with RDF_QDAG. The R-tree stores only object approximations in the
form of MBRs with the necessary information to continue the graph exploration. This
ensures the efficiency of the first step of the spatial filter by minimizing the number of
pages. The page size in the index is 16 Kb. The structure of the pages is demonstrated in
the figure 3.
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16 kB
I I

Inner page: | Page Header |xmin

24 Bytes 8B 8B 8B 8B 4B

Ymin]l Tmax| Ymaxz|

Pointer | |

Ymin

Leaf page: | Page Header | Type [Zmir] DERNE |

IB 8B 8B 8B 8B 8B 8B
Entry for a complex shape

xmaz| Ymax,

12 Bytes

|Type| z | Yy |ID|SGm

( 1B 8B 8B 8B 8B |
Entry for a point

Fig. 3. The structure of index pages and entries

For inner pages, we save 24 bytes as page header. The rest is filled with inner entries
where each entry is composed of an MBR (4 X 8 bytes) as a key and pointer to the
appropriate page (4 bytes). An inner page can have up to 454 entries.

As for the leaf pages, we keep two types of entries: Points and MBRs. The MBRs are
generally approximations of complex geometries. A point is represented by two coordi-
nates (z,y) and an MBR is represented by four (Z,in, Ymins Tmaz, Ymaz)- On the leaf
page, we save 12 bytes as page header, the rest is filled with leaf entries. For each entry,
we store the object type in 1 byte, then we store the key, which is a point/MBR in 2#8/4*8
bytes, respectively, the object id in 8 bytes and the inward pointing fragment ID also in
8 bytes. The fragment ID is used to continue with the graph exploration. A leaf page can
hold from 334 to 496 entries depending on the object types.

In the example shown in figure 4, only geometries 7g where M BR(?g) ~DC M BR(q)
are returned after the exploration of the index. The next operator in the plan is standard
graph exploration matchings.

At the end of the evaluation, the decoding operation is performed to replace object
IDs with the true value. The same is applied to spatial data where MBR approximation
is replaced using the true geometries. Once the full shapes are available (true geometries)
the refining step can be performed in the same way as in the BGP-First strategy.

5. Optimization Techniques

In this section, we present details about some optimization techniques that we propose to
further improve execution time for both proposed strategies.
5.1. Query scheduling

A typical DBMS can answer the same query using different execution plans. All the plans
provide the same results, however, the cost of execution for each plan is different. The
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Fig. 4. Execution of Spatial-First strategy

same logic applies for RDF_QDAG. In the case of the latter, an execution plan is a se-
quence of SQ and Filter units. Since the execution time can vary significantly from a plan
to another, it is important to choose the best execution plan for a given query.

A traditional approach to select the best plan is to use two steps: plan enumeration
and cost estimation. In the plan enumeration step, we list all the possible execution plans.
However the number of execution plans can be very significant, so enumerating all the
plans is either not possible or not efficient. Many DBMS use a heuristic approach to
enumerate only the most promising plans. In the cost estimation step, we estimate the cost
of executing each plan to select the plan with the lowest possible cost. This is generally
done using dynamic programming since many plans share some parts between each other
and it is not reasonable to recalculate the cost of the same plan segment multiple times.

RDF_QDAG uses the GOFast approach for the optimization [39]. In this approach,
both the enumeration and estimation are performed in parallel. In order to do so, authors
rely on a branch and bound algorithm. They start by constructing a tree where each node
represents the accumulated cost of all previous operations and the edges represent plan
operations. Naturally, the cost in the root is 0. The algorithm starts by estimating the
cost of all possible first operations, then it expands on the operation with the lowest cost.
GoFast continues on expanding the branch with the least cost until it gets a full execution
plan.

Estimation in GoFast is based on the statistics collected for each graph fragment. The
statistics also make it possible to reflect the interaction.

The existing GOFast optimization does not take into account the filters since the ma-
jority of the cost is caused by the graph exploration. However, this is not the case for the
spatial filters since the cost of comparing complex shapes is high. On top of that, the use
of an additional access method (R-tree) must be accounted for calculating the cost. Con-
sequently, we extend the existing logic in order to take into account the cost of filter units.
The cost of a plan is mainly the sum of cost of all star queries (both normal and spatial
ones):
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Cost(P) = Z Cost(gs) (1)
gse P

The estimation of the cost of star query is already part of RDF_QDAG system, how-
ever we changed it to be calculated in terms of triples not in terms of data stars. We opted
for this change since the number of data star did not show (see appendix) a correlation
with the choice of the best plan in the case of spatial queries contrary to the number of
triples.

To estimate the full cost of the plan, for each part of the execution plan, two estima-
tions needs to be done: estimation of the input and estimation of the number of results.
This is necessary since the estimation of the cost of part of the plan depends on the number
of results of the previous parts.

Estimation of the Number of Spatial Objects The estimation of the cost of a star query
is already detailed in previous work [39], we will detail only the cost of the filter unit. In
the case of an BGP-First plan, no spatial access method is used. In the case of Spatial-First
plan, the cost of fu is the number of spatial objects that needs to be retrieved from the
index:

Cost(fu) = SOC(Q) 2

SOC(Q) is the number of spatial objects estimated using the spatial index. We can
do this by taking advantage of the shallow depth of an R-tree. Indeed, since the fan-out
is high, the depth is low (generally 4 to 5 layers maximum). In the estimation phase, we
scan only the top layers of the R-Tree without loading the leaf layer. Naturally, we count
only pointers where the attached key satisfies the filter. To calculate the number of objects
(SOC(Q)) we simply multiply the number of leaf pages that satisfy the query by the
average number of objects in a page. This assumption is based on the fact that most of the
pages are close to 100% fill rate since the index is loaded using STR [22] and no updates
are performed later. The only limitation of this estimation is the fact that not all objects in
the leaf pages satisfy the query.

Estimation of spatial filter results .

The estimation of the number of results after the filter is necessary for the rest of
the process. The number of objects SOC(Q) can be considered as an estimation of the
number of results since it is an estimation of objects where the MBR satisfies the spatial
filter. However, to be able to continue calculating the cost with the GOFast approach for
the rest of the plan, the total number of objects is insufficient. We need to calculate an
estimation of the number of objects for each fragment.

The cost of a plan P is calculated in terms of the number of triples that need to be
retrieved from the disk since the disk cost is the most important cost of the query. The
cost of a particular plan is the sum of the cost of all star queries sg; that compose the plan
(equation 1). The cost of a star query is the number of triples retrieved from the relevant
fragments fg;:

Cost(gs) = > InputTr(fg;, sq) 3)
fgj€sq
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In the case of the first star query, no previous input is needed. As a consequence, the
number of triples retrieved from a particular fragment fg; is simply the number of triples
in the fragment that satisfy the predicates of the star query:

Input Tr(fg;,sq) = #triples(fg;, prd(sq)) @

However for the rest of the star queries, the number of triples retrieved from a partic-
ular fragment fg; is calculated using:

— #tripls(fg;, pred(sg;): the number of triples that satisfy the predicates of the star
query sgq;

- Input_Ds(fgj, sq;): the number of data stars considered as in input

— dist(fg;): the number of data stars in the fragment fg;

The formula for calculating the number of triples retrieved in case ¢ > 1 is the following:

Input Tr(fas. 5q1) = #triples(fgi,pre'd(sqi)) * Input_Ds(fg) )
dist(fg;)

Detailed calculation of Input ps(fg;, s¢;) and dist(fg;) is found in Zouaghi et al[39]
since we did not change it. As for the number of triples retrieved from a particular frag-
ment it is the sum of all triples in the fragment where the predicate is the same as one of
the star query predicates:

#triples(fgi, prd(sq)) = Y count(pj, fg) (©)

P;ePred(sq;)

In the case of Spatial-First plan, the number of triples is identical to the number of
spatial objects estimated for each fragment :

Input_tr(fg;, SQ1) = #releventObject(fg;/Q) @

The number of spatial objects estimated for each fragment is estimated based on the
selectivity of the spatial query as follows:

#releventObject(fgj/Q) = size_of (fg;) * S_select ®)

Where size_of(fg;) is the total number of triples in the fragmentfg; and the spatial
selectivity (S_select) is calculated as follows:

50C(Q)

S_select = ————————
total_spatial

©))

Where total_spatial is the total number of spatial objects stored in the index.

On top of the estimation of the number of relevant triples to read from disk, GoFast
optimizer also relies on the number of results produced by each star query outpu_DSs4;
defined in [39] as follows:

output_DSys, = {(Gf;,pi, k") |pi € edges(qs;) Nk = NDS), } (10)

Where N DS, is the number of data stars heads relevant to the predicate pi
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However, we had to change the calculation of N DS, to take into account the spatial
filters. The new formula is the following:

,if enode is const

NDS,, = { W/ij) x dist_NE(p;, Gf;) = S_select , otherwise an

Where dist_N E(p;, G f;) is the number of distinct nodes linked to the data star head
in fg; with respect to the predicate p;.

With both estimations of the number of spatial objects and the spatial filter results, the
GoFast optimizer can choose the best execution plan for Spatial-RDF queries.

5.2. Spatial pruning

Earlier, we proposed two execution strategies, "BGP-First” and ~’Spatial-First”, of which
only the latter can benefit from a spatial access method. The "BGP-first” strategy lacks
spatial awareness at the beginning of the process, which means that it misses opportunities
to reduce the search space based on spatial constraints. To address this issue, we propose
a new optimization technique called ”Spatial pruning”.

As discussed in section 3, the initial RDF graph is partitioned into graph fragments
GF for indexing and storage. When evaluating a query, only the necessary fragments
are considered based on the characteristic sets of each fragment. However, when a query
contains a spatial filter, many fragments that are considered due to their characteristic
sets do not contribute to the final results. This is because the spatial filter in the query
eliminates all the graph patterns produced by these fragments since they are connected to
spatial objects that do not satisfy the filter.

To eliminate fragments that do not contribute to the results earlier in the process, we
associate each graph fragment to an MBR such as all spatial objects connected to the
fragment are situated inside this MBR. When processing the query, the optimizer do not
choose fragment based on the graph part only, but also based on the spatial filter. If the
MBR of a fragment (M BR(Fg)) satisfies the filter, it can contain the results. However,
if the MBR does not satisfy the filter, it is immediately pruned and not considered while
evaluating the query.

The proposed algorithm 2 operates on a set of star queries specified in a query plan.
The algorithm iterates through each star query in the plan (line 3). For each star query, the
relevant fragments are obtained based on the characteristic set (line 4). These fragments
are then linked to the fragments of the previous star query using the function LinkToPre-
viousFragments() (line 5). If the current star query does not contain a spatial filter (line 6),
the algorithm proceeds to the next star query (line 7). However, if the current star query
contains a spatial filter (line 6), the algorithm loops through each fragment while testing
the intersection of the fragment’s Minimum Bounding Rectangle (MBR) with the query
(line 9). If there is no intersection between the fragment’s MBR and the query (line 10),
the fragment and all fragments linked to it are removed from further consideration (line
11).
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Algorithm 2: Spatial pruning
Data: P: Execution Plan
GF: Set of graph fragments
SF : Gfs — MBR(Gfs): List of spatial fragments MBRs
Result: Gfs:qs — GF 54|GFsq C GF :Set of fragment for each Sq
1 Gfs <« [
2 QS < getQSList(P);
3 for sq; € QS do
4 CurrentFGs < getCurrentFragments(sg;);
5 LinkToPreviousFragments(Gfs, CurrentGfs);
6 if isSpatial Filter(qs;) = false then
7
8
9

‘ continue;
for fg; € CurrentFGs do
MBRjg4; < SF.getMBR(fg:);

10 if MBR4;—DC's then

11 ‘ G fs.removeAllFGsConnectedTo(fg:);
12 end

13 end

14 return G f's;

6. Experimental evaluation

In this section we discuss several experimental results on the various approaches and
optimisation techniques mentioned in the previous section. We also compare our proposed
solution with a well-known commercial Triplestore Virtuoso.

6.1. Experimental setup and methodology

We perform several experiments on RDF_QDAG after integrating the approach and tech-
niques proposed in this paper. RDF_QDAG is a project developed using Java and C++.
The storage and access methods are developed using C++ and compiled using GCC ver-
sion 7.5.0. The engine and optimizer are implemented using Java 11 and built using maven
3.8.6. For the run environment, we used Open JDK version 11.0.16. The system can be
downloaded as a Docker image, which includes all necessary dependencies. The image
is available on Docker Hub at https://hub.docker.com/r/qdag/rdf_qdag. In addition, a live
demo of the system is provided on our project website at https://qdag.lias-lab.fr/.

All experiments were run on a machine equipped with Intel Xeon (Skylake, IBRS) @
10x 2.295GHz and 64 GB of RAM and an SSD running Ubuntu 18.04 bionic with linux
kernel x86_64 Linux 4.15.0-194-generic.

For the evaluation, we used the YAGO [16] knowledge base. YAGO is a real world
data-set that contains more than 234 million facts on which 4 million are spatial objects.

All experiments are performed on a fresh install of the operating system. We clear
page cache, dentry and inode cache before each query. Execution time is calculated from
the submission of the query to the end of writing the results into an output file.
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Fig. 5. Execution time (nanoseconds) of queries using both strategies BGP-first and Spatial-first.

Table 5. Execution time of queries on YAGO

Query Best BGP-First plan Best Spatial-First plan

Plan ID Execution time (ms) # Triples | Plan ID Execution Time (ms) # Triples
Q1 1 1506 32503 5 11014 463841
Q2 4 7442 238414 6 6981 144671
Q3 4 735 4377 5 11896 699942
Q4 3 7855 217526 2 3864 91326
Q5 4 5005 205310 6 2942 60374
Q6 1 1488 10639 3 2435 38092
Q7 3 7749 217526 2 9296 56272
Q8 1 9366 369054 3 9548 438063
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6.2. Effect of evaluation strategies

To study the effect of evaluation strategies on the execution time, we ran several queries
on the YAGO data-set.

The results of the execution time for queries using the BGP-First and Spatial-first
strategies are shown in figure 5. Neither approach consistently outperforms the other, as
demonstrated by the varying performance in queries (04, (2, and )5, where the Spatial-
first approach is superior, and the remaining queries, in which BGP-first performs better.

To further investigate the factors contributing to the varying performance of each ap-
proach, we analyzed intermediary results in both the spatial and graph parts of the queries
to extract the total number of triples loaded from the disk. The total number of triples is
displayed in table 5. The results in the table show a clear correlation between the choice of
the best execution strategy and the number of triples fetched from the disk. In each query,
the strategy with the lowest number of triples is the best-performing one. This observation
has motivated the improvements of the optimizer and the cost model proposed in section
5.

6.3. Effect of Scheduling

[ D Initial accuracy 0 @ improved accuracy
100 - B

75 I
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Accuracy %
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Fig. 6. Initial accuracy and the improved accuracy of the optimizer.

To select the best execution plan and execution strategy, we extended the GoFast op-
timizer to be able to estimate the cost and number of results of spatial filters. As far as
experimental validation goes, we propose to compare the improved version of GoFast with
the existing one. For that, we use the accuracy of the best plan prediction as a performance
metric. The accuracy of the optimizer for a given query is calculated as follows:

e #plans — Rank_plan (12)

#plans — 1
The primary function of an optimizer is to select the optimal execution plan for a given
query. To accomplish this, the optimizer assigns a rank to each candidate plan based on

an estimation of its cost. The accuracy of the optimizer is measured in terms of the rank
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of the true best plan. Specifically, the accuracy is calculated as the proportion of the true
best plan’s rank among all the candidate plans. A higher rank for the true best plan corre-
sponds to a higher accuracy, with an accuracy of 100% indicating that the optimizer has
successfully identified the true best plan as the top-ranked plan. Conversely, an accuracy
of 0% would indicate that the optimizer ranked the true best plan as the worst among the
candidates.

The figure 6 shows the initial accuracy of Go-Fast and the improved accuracy. As we
can notice, the optimizer after the proposed improvements provides a better prediction of
the best execution plan. It can find the actual best execution plan for the all of the test
queries except (26 and Q7. Moreover, even for the latter queries, it provides the same or
better accuracy than the original optimizer. This is due to a better estimation of the cost
of the spatial filters.

The accuracy of both approaches is plotted in the figure 6. However, more detailed
results are in the Appendix where we list the results of estimation of each plan compared
to the true cost. We will refer to values form the detailed tables to better explain the results.
The accuracy on queries (26 and Q7 demonstrates that there is still room for improvement
for the optimizer. In X6, the improved optimizer chooses the second best execution plan
performing better then the old approach, which choose the third best plan. This is due to
the error of estimation. The best plan for ()6 is the plan P1 with a real cost of 10639,
followed by the plan P7 with a real cost of 7338. The results of the estimation proposed
a cost of 9894 for P1 and 7338 for P7 leading to the choice of P7 as the best plan.

We can notice the same problem with the query Q7 where the cost of P3 is 217526
however it is estimated to be 194145. The gap between the real cost and the estimation
is due to the number of objects eliminated with the refinement step in the spatial filter.
In the refinement step true shapes are considered and in the case of Q7 many objects do
not satisfy the spatial filter despite that there MBR approximations do satisfy the latter.
On top of that, the number of acceptable plans is very low for Q7 (only four acceptable
plans, meaning that each error is amplified when using the accuracy metric leading to
33% accuracy.

6.4. Effect of Encoding

As we mentioned in section 3, RDF_QDAG stores data in three types of files: spatial
index, graph fragments and dictionary files. The description of a spatial object in a vector
format can be long, for example the map of a state or a river. For efficiency, we store the
full resolution shape definition in the dictionary. The full value will be replaced by an ID
in the graph fragments and with an approximation (MBR) in the spatial index.

For the storage of the spatial object, we have mainly two options: The Well Known
Text format (WKT) and the Well Known Binary format (WKB). RDF_QDAG is capable
of outputting both representations, however, for the storage format, we experimented with
both representations to determine the best encoding format for the system.

In Figure 7, we show the effect of the encoding format on the performance of the
queries. We can clearly notice that the WKB encoding outperforms the WKT one for all
queries. This is due to the different sizes of the two encoding formats. WKB is generally
more compact than WKT, which leads to less I/O cost. On top of that, deserializing the
WKB format is more efficient than parsing the WKT format. For RDF_QDAG system, if



Efficient Spatial-RDF processing within RDF_QDAG 1335

10"

15[ =
0owkT T
lowkB

10 i

Execution time (ms)

o o

5

2 N
T T T T T T

Q1 Q2 Qs Q4 Qs Qs Q7 Qs

Queries

Fig.7. Execution time (ms) of queries using WKT and WKB.

the user requests an output of the WKT format, it is more efficient to deserialize the WKB
stored and convert it to WKT than to parse the WKT format.

6.5. Effect of Spatial Pruning

In figure 8, we compare the execution time of queries with and without spatial pruning.
As demonstrated in the figure, the spatial pruning improves performance for most of the
queries. This is due to the decreasing size of the search space. However, this is not the case
of all queries, since the number of pruned fragments depends on the query and can vary
form one to another. This is the case of query ()2 where no fragment is pruned. More so,
the overhead of evaluating the fragments for pruning can be negligible, as demonstrated
with the same query (Q2).
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Fig. 8. Execution time (ms) of queries with and without Spatial Pruning.
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6.6. Comparison against Virtuoso

After the optimization techniques applied to improve the performance of RDF_QDAG,
we compare it with a commercial Triplestore Virtuoso. We choose Virtuoso since it is a
stable and wildly used Triplestore. On top of that it is one of the few Triplestores capable
of answering spatial-rdf queries since it support the GeoSPARQL norm proposed by the
Open Geospatial Consortium. As for the other solutions (e.g., GraphDB and Strabon) we
where unable to load the dataset due to stability issues in the mentioned systems.

The figure 9 depicts the execution times of queries run on both Virtuoso and
RDF_QDAG. For RDF_QDAG, we plot the execution time of two different runs, one
without any optimization technique used (WKT) the other one with the optimization tech-
niques proposed and studied in previous sections (WKB+SP). We can notice that the WKT
approach outperforms Virtuoso in some queries like ()1 and Q5. However, on most of the
queries, Virtuoso still had better performace leading to a better total execution time of 47
seconds for Virtuoso compared to 52 seconds for WKT. On the other hand, after applying
the proposed optimization techniques (WKT+SP), RDF_QDAG outperforms Virtuoso on
all of the test queries without exception and has a better total execution time leading to an
improvement of 28% on average.

-10* ! ! !
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Fig. 9. Compression of execution time between Virtuoso and RDF_QDAG.

7. Conclusion

In this paper, we addressed the evaluation of spatial RDF queries issue in the setting of a
graph exploration-based system, known as RDF_QDAG. To enhance the system’s capabil-
ity to answer such queries, we proposed an extension that integrates spatial awareness into
the system’s storage layer, evaluation engine and optimization process. More specifically,
we proposed the use of an R-tree data structure, which is adapted to better fit the system,
as well as the integration of the evaluation of spatial filters into the execution plans. Ad-
ditionally, we introduced two evaluation strategies, namely, BGP-First and Spatial-First,
for the execution engine. In terms of optimization, we presented a cost model that con-
siders the cost of spatial operations in order to optimize the selection of execution plans.
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Furthermore, we proposed a spatial pruning technique to further improve performance by
reducing the search space.

On the other hand, we validated our proposed extension to RDF_QDAG through an
experimental setup using a real-world dataset (i.e., YAGO). Our results indicated that
the use of optimization techniques such as WKB encoding and spatial pruning improve
the performance of the system. We also evaluated the proposed execution strategies of
BGP-First and Spatial-First, and found that each strategy had advantages and limitations
depending on the query being executed. To address this, we developed a cost model to
determine the most suitable strategy for each query. Our results also indicated that the
proposed cost model enables the system to better predict the best execution plan compared
to the existing one.

In future work, we plan to continue improving the optimizer, particularly, for queries
involving complex geometrical shapes in order to enhance its ability to predict the best
execution plan. To achieve this, we plan to explore the use of machine learning techniques
to integrate feedback from RDF_QDAG query evaluation. Additionally, we intend to ex-
tend the system by incorporating support for temporal constraints, enabling it to answer
spatio-temporal queries. This could involve adapting the existing cost model, introducing
new data structures and indices, and devising new evaluation strategies. The goal is to
improve the efficiency and accuracy of spatio-temporal query processing.
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Appendix

Appendix 1: Results of estimation of each plan for the different queries considered

For all of the following tables, the best execution plan is highlighted in bold.



1340

Table 6. Results of estimation of Q1
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Plan ID Plan

#DS

# Triples Initial position New position

0 [7¢.Fu(?g), 7c, 7p] 4774913 4775175 7 7
1 [7p, 7¢,Fu(?g)] 5943.0  29657.0 3 1
2 (%c, 7, Fu(?g),7p] 5595 54502 I 2
3 [?¢, ?p, 7¢,Fu(?g)] 5720 54627 2 3
4 (57, 7p, 7e.Fu(?g)] 286682 859297 5 4
5 [Fu(?9), S5.50.00 437395 446318 6 5
6 [, 7p, 7e.Fu(2g)] 83750 857355 4 6
Table 7. Results of estimation of Q2
Plan ID Plan #DS  # Triples Initial position New position
0 [7¢.Fu(?g), e, 7p]  4775880.0 4777965.0 7 7
1 (79, 76, Fu(?g)] 1659580 493909.0 4 4
2 (Pa. 7p, 7e.Fu(?g)] 2437960 13216960 5 6
3 (%5, 7p, 7e.Fu(?g)]  389065.0 1154313.0 6 5
4 (%, 7, Fu(?9), 7p] 144210 192320.0 1 2
5 (%, 79, 7. Fu(?g)] 16412.0  194311.0 2 3
6 [Fu(?9),7g, 7e, 7p] 1049140  129598.0 3 1
Table 8. Results of estimation of Q3
Plan ID Plan #DS  #Triples Initial position New position
0 [2a, 7a, 7w, 2L, Fu(?g)] 72310  7388.0 4 4
1 (71, Fu(?g), 71, 7w, 7a]  4774850.0 4774858.0 8 8
2 (79, 70, 7w, 7. Fu(?g)] 54470  5676.0 3 2
3 (70, 7 Fu(?g), 7w, 7a]  669919.0 1252615.0 7 7
4 (Pa, 7a, 7w, 7L, Fu(?g)] 42310 5492.0 2 1
5 [(Fu(?g),%g, 71, 7w, 7a] 4410520  702586.0 6 5
6 (7, ﬁ,Fu(?%, Yw,?a]l 592510 1250718.0 5 6
7 (Pw, ?a, 7w, 21, Fu(?g)] 32450  7045.0 1 3
Table 9. Results of estimation of Q4
Plan ID Plan #DS  #Triples Initial position New position
0 [7e, 7L,Fu(?g)] 2017260  208424.0 3 3
1 (70, Fu(?g), 711 4774844.0 4774844.0 4 4
2 [Fu(?9),7g, 711 74903.0  98141.0 2 1
3 (70, 70, Fu(?9)] 177160  194145.0 1 2
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Table 10. Results of estimation of @5

Plan ID Plan #DS  # Triples Initial position New position
0 [7¢, 7c, 7p.Fu(?g)] 4775880.0 4777965.0 7 7
1 (Zp.Fu(?g). % 1659580 4939090 4 4
2 Pa, 75, Fu(?g), 7e] 2437960 1321696.0 5 5
3 (%5, 7p,Fu(?g), 7¢]  389065.0 1154313.0 6 6
4 [?c, 7, %,FU(@] 144210 192320.0 1 2
5 (%, . Fu(?g), 7¢] 164120 1943110 2 3
6 [Fu(?9),%9, 7c, 7] 516160  75701.0 3 1

Table 11. Results of estimation of Q¢

Plan ID Plan #DS  # Triples Initial position New position
0 [i,F_q)L(?g), P, 7, 7p] 47748940 4774981.0 7 7
1 (7, 7ty 2 Fu(?g)] 50010  9894.0 3 2
2 (20, 7, Fu(?q), 7u, 7p]  669962.0 1252701.0 6 6
3 [Fu(?9).%9, 71, %, 7p] 309580  250625.0 5 4
4 (70, 20 Fu(?g), 7u, 7p] 592950 1250841.0 4 5
5 (u. 7, 70, 7L Fu(?g)] 51920 32596.0 2 3
6 CBw, 2p, 70, 2L Fu(?g)] 33940 73380 1 1

Table 12. Results of estimation of Q)7

Plan ID Plan #DS  #Triples Initial position New position
0 [7e, W,Fu(?g)] 201726.0  208424.0 2 2
1 [?L,Fu(?g), 711 4774844.0 4774844.0 4 3
2 [Fu(?g),7g, 711 270889.0  297661.0 3 4
3 70, 720, Fu(?)] 177160  194145.0 1 1

Table 13. Results of estimation of Qs

Plan ID Plan #DS  # Triples Initial position New position
0 [70,Fu(?qg), 70, 7p] 4775053.0 4775546.0 6

1 (7, 70, Fu(?g)] 1054620  339654.0 3 1
2 (%0, 7p, 7, Fu(?g)]  134597.0  469582.0 4 3
3 [Fu(?9).g, 71,7p]  186351.0  420618.0 5 2
4 (70, 70, Fu(?g). 7] 594540 1251406.0 1 4
5 (70,75, 7L Fu(?g)]  59857.0 1251809.0 2 5
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Abstract. This paper introduces a frequent pattern mining framework for recom-
mender systems (FPRS) - a novel approach to address the items’ cold-start problem.
This difficulty occurs when a new item hits the system, and properly handling such
a situation is one of the key success factors of any deployment. The article pro-
poses several strategies to combine collaborative and content-based filtering meth-
ods with frequent items mining and agglomerative clustering techniques to mitigate
the cold-start problem in recommender systems. The experiments evaluated the de-
veloped methods against several quality metrics on three benchmark datasets. The
conducted study confirmed usefulness of FPRS in providing apt outcomes even for
cold items. The presented solution can be integrated with many different approaches
and further extended to make up a complete and standalone RS.

Keywords: recommendation system, cold-start problem, frequent pattern mining,
quality of recommendations.

1. Introduction

Many modern businesses undergo digital transformation, moving their offerings online,
which allows for providing broadly available and more advanced products and services
to customers or users [53}/74]. This trend has led to an overwhelming amount of content
and the high velocity of new items reaching the systems daily. Finding the object of in-
terest has become very time-consuming for many people, especially after moving most
e-commerce to automated remote channels without qualified human advisors [2}[22,[78].
Viable solutions to this problem are recommender systems (RS), which leverage the rat-
ing history and possibly some other information, such as users’ demographics or items’
characteristics [57,/59].

Recommender systems are indispensable in allowing customers to find a desired prod-
uct or service [69]]. The quality of RS is mainly impacted by the density of the historical
user-item interactions and may encounter some significant difficulties due to particular
data characteristics related to volume, limited content analysis, sparsity of data, or cold

* This is an extended version of the paper "Utilizing Frequent Pattern Mining for Solving Cold-Start Problem
in Recommender Systems" [35]] published at the FedCSIS’22 conference.
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items [5,[73]]. The last one is particularly challenging, having broad interest among re-
searchers and practitioners [79,/86]. This difficulty occurs when a new item hits the sys-
tem, and an RS attempts to generate recommendations with very scarce and insufficient
historical ratings available [[63]]. Many state-of-the-art recommendation algorithms may
generate unreliable recommendations for such cases since they cannot learn the prefer-
ence embedding of these new items [42].

In this study, we present a particular take on the challenge of devising more effective
and efficient recommendation techniques with specific attention to the problems of the
sparsity of interactions and cold items. The developed Frequent Pattern mining frame-
work for Recommender Systems (FPRS) is based on the popularity approaches extended
by the FP-growth algorithm to generate frequent patterns based on items’ characteristics
and by adding an agglomerative clustering step into the developed pipeline [6}38]]. This
way, we better reflect and leverage content-based similarities between new items, even for
the partially incomplete data. The agglomerative clustering methods allow us to tune the
number and size of clusters dynamically.

The developed method creates a kind of platform incorporating several strategies,
which is a distinguishing feature of this approach compared to the methods reported in
the literature, typically reporting one universal system. We believe that, in practical appli-
cations, the observed differences between the analyzed problems and datasets are signifi-
cant. A single solution may be ineffective depending on the quality measure of choice or
data characteristics. Hence, data scientists need to operate with a whole toolset and adjust
it to the particular case.

Compared to our former research on utilizing frequent pattern mining for solving the
cold-start problem in recommender systems [35], this study is focused on the problems
of the sparsity of interactions and cold items. In this regard, we significantly extended
the formerly developed strategies to better reflect and leverage content-based similarities
between new items, even for the partially incomplete data. We also included new datasets
for the evaluation procedure to give a more versatile assessment of our method and con-
ducted a broad review of research efforts related to the discussed problem. The main
contributions of this paper are as follows:

1. An extended version of frequent pattern mining framework for recommender systems
(FPRS) - a hybrid recommender system that utilizes the FP-growth algorithm to pro-
duce frequent itemsets based on the ratings in the user-item matrix.

2. A novel approach to utilize the items’ features to extract particular patterns based on
the features selected and agglomerative clustering to mitigate the sparsity issue.

3. New strategies to mitigate the cold-start problem by using the discovered patterns to
properly assess users’ interest in new items.

4. An empirical evaluation of the proposed approach against two state-of-the-art models
that are designed for the cold-start recommender system. The experiments are con-
ducted on well-established benchmark datasets. Namely, MovieLens 100K, Movie-
Lens 1M, and LDOS-CoMoDa.

The remainder of this paper is organized as follows. Section 2] describes and reviews
major research efforts on the cold-start problem in the domain of recommender systems.
In Section |3} we provide background information for collaborative filtering and frequent
pattern mining. In Section 4 we present a novel frequent pattern mining model (FPRS)
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that utilizes the ratings in user-item rating matrix to discover the frequent itemsets asso-
ciated with selected users/items features. Section [5|evaluates and compares the proposed
model with a baseline solution. In Section [6] we discuss the limitations of FPRS and
possible future research directions. Finally, in Section[7] we summarise the study.

2. Related Works

Recommender systems (RS) predict the utility of an item to a user and suggest the best
items concerning the user’s preferences, where the items may represent movies, books,
restaurants, or any other things [|33,|62[]. The aforementioned capability of RSs makes
those techniques especially useful in broad areas of applications like eCommerce, online
marketing, social networks, price-comparison services, or even energy market [29432]/48|
83]. RS may also incorporate several extensions, like context awareness, action recom-
mendations, prescriptions, or some techniques derived from game theory [20,/65}/69].

There are many taxonomies for RS [[8]. The most common approaches refer to content-
based or collaboration-based techniques, and their various hybridizations [30,37}/78]]. Col-
laborative Filtering (CF) is one of the most widely used and successful techniques, with
excellent results in a wide range of applications in many fields [§]], hence is particularly
interesting in our research and further reviewed in detail in Section [3.1] Despite the no-
ticeable decline in their popularity in favor of collaborative systems, content-based tech-
niques are still widely used because of handling the so-called cold-start problem [35.(64].
Because of the significantly different characteristics of those approaches, it is advisable
to construct hybridizations of both [[1]], as further discussed in our study.

A typical RS consists of three main elements: a user model (established by ana-
lyzing the users’ interests and preferences), an item model (based on its characteris-
tics), and the recommendation algorithm that is a key constituent. There are many re-
ported approaches to implementing the recommendation algorithm by the specific adop-
tion of machine learning (ML) models like deep neural networks or factorization ma-
chines (FM) [50,/60,/80]. Building RS on top of the state-of-the-art ML models lever-
aged the quality of recommendation results, improving user satisfaction and profits in
e-commerce [46}54,/83]]. At the same time, however, we may observe the known prob-
lems with ML related to the data sparsity, the latency of prediction returned by complex
models, and foremost, the scalability and unfairness of recommendations for new users
or items that is often referred to as the cold-start problem [31},/35\(87]].

Solving scalability issues is one of the most common tasks when deploying big-scale
recommender systems [5,16L67]]. Especially as the number of users and items significantly
grows over time, it is essential for RS to handle requests without appreciable latency. This
problem is particularly challenging for memory-based methods like k-nearest neighbors.
However, in the case of web-scale recommendation tasks like social media, the Internet
of Things (IoT), or various e-commerce applications, it is a hot topic also for model-
based techniques, especially considering more complex and deep models [[10}/75]]. Some
RS suffer from over-specialization (sometimes referred to as a serendipity problem). It is
observed when the RS produces recommendations with minimal novelty, i.e., all of the
same kind [39]]. Recently, there is also an increasing interest in privacy awareness and ex-
plainability of recommendations [4,/14,61]. Another aspect that is particularly noticeable
for collaborative filtering is related to the sparsity of user-item interactions [40].
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Together with the growing amount of items available for the recommendations, the
quality of CF-based methods may be impacted by an insufficient number of items rated
by each user [55]]. One of the possibilities to address this issue is to rally on auxiliary data
or additional information sources such as user/item profiles or user reviews on items [[28].
Some approaches aim to resolve the data sparsity problem by generating data (e.g., pur-
chasees) from machine learning models of auxiliary feedback, or from the nearest neigh-
bors with a set of purchased items in multiple dimensions [25]]. Other popular approaches
apply selected clustering methods, often referring to notions of similarity [[19482]. In [85]],
the authors use user clustering to reconstruct the user-item bipartite network such that
the network density is significantly improved. The recommendations on this dense net-
work thus can achieve much higher accuracy than on the original sparse one. In [44], the
density-based clustering algorithm is used for coping with the sparsity problem. In [81]],
the authors employ a granular computing model to realize the nearest neighbor cluster-
ing and a covering rough granular computing model for the collaborative filtering rec-
ommendation algorithm. The application of granular methods [21], selected approaches
to clustering, and various similarity measures seem to be an exciting research direction,
yielding promising results [41]. From our perspective, agglomerative clustering methods
are particularly interesting. They allow us to utilize various notions of similarity (e.g., the
Jaccard coefficient) and manage the number and size of clusters [71]].

Agglomerative clustering algorithms create a hierarchy of data clusters by starting
from singleton groupings (clusters containing a single element) and iteratively merging
the closest groups into a bigger cluster [15]]. This process ends when all data instances are
merged into a single cluster, hence, is often referred to as a bottom-up approach. To mea-
sure the proximity (dissimilarity) between groups, agglomerative clustering algorithms
employ so-called linkage functions like single linkage or complete linkage. The first one
defines the dissimilarity between two groups as the smallest distance between any two
instances from those groups. Analogically, the second function asserts the proximity of
groups as the largest distance between any two instances [[71].

Cold-start problem occurs whenever a RS tries to generate recommendations for ei-
ther a new user who signed up recently to the system without having any rating records
available yet or when a new item is added to the system without any rating given to that
item so far. Most state-of-the-art recommendation algorithms generate unreliable recom-
mendations for such cases since they cannot learn the preference embedding of these new
users/items [49,|72]]. In content-based filtering (CBF), it is necessary to learn user pref-
erences in order to provide reliable recommendations. Therefore, CBF suffers from the
user cold-start problem when new users who signed up recently do not have, or have very
few, ratings. Hence, the quality of recommendation will be impacted by an insufficient
number of rated items [13}/61]. Many studies recognize the challenge of fairness among
new items’ recommendations in cold systems, [79,/86,/87].

The difficulty arises due to the deficient information about new entities [[76|]. Therefore
it has a particularly strong negative impact on collaborative methods, heavily impacting
the fairness of recommendations for new users, often passing over new items [87]. Most
of the attempts to deal with such a problem consider enhancing the collaborative-based
methods with content-based approaches that leverage the intrinsic characteristics of the
analyzed entities. For example, in [42], the authors propose hybrid recommender models
that use content-based filtering and latent Dirichlet allocation (LDA)-based models. In
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[78], we may find a hybrid RS that combines the singular-value decomposition-based
collaborative filtering with content-based and fuzzy expert systems.

In literature, we may find many efforts to resolve the cold-start problem [[11}47]]. In [7]],
the authors aim to address the cold-start problem by extending the matrix-factorization-
based methods, namely SVD, SVD++, and the NMF models, using three simple regu-
larization differentiating functions (RDF) so that the regularization weights on different
items and users are set based on their popularity. In [9]], the item-side cold-start problem
is addressed with the concept of weak supervision. The authors introduced a new process
for identifying representative reviewers and developed a method to predict the expected
preferences for new items by combining content-based filtering and the preferences of
representative users. In [87]], the authors formalize fairness among new items with the
concepts of equal opportunity and Rawlsian Max-Min fairness and present a learnable
post-processing framework with score scaling and joint-learning generative models. Zhu
et al. propose a novel model designed to overcome cold start by (i) a combined separate-
training and joint-training framework to overcome the error superimposition issue and im-
prove model quality; (ii) a Randomized Training mechanism to promote the effectiveness
of model learning; and (iii) a Mixture-of-Experts Transformation mechanism to provide
personalized transformation functions.

There are many more techniques to dealing with the cold-start problem by combin-
ing collaborative filtering with content-based methods, including using simultaneous co-
clustering [77]], self-organizing maps, meta-learning [51]], or Siamese neural networks
[63]]. There are also attempts to combine RS with various dimensionality reduction tech-
niques [56]. Considering the discussed problem of missing or insufficient information, it
seems interesting to refer to the dimensionality reduction methods based on the granu-
larization of the attribute space [21]], and particularly on resilient ML techniques [[17}/23]]
- i.e., resistant to data deficiencies. The hybridization of soft computing techniques with
collaborative and content-based methods is a wide-ranging field of research, and an in-
teresting area for the further development of recommendation systems [3|], particularly
interesting for context-aware RSs [33,43,/58].

Some approaches to dealing with cold-start refer to popularity measures, e.g., on the
recent trend in users’ preferences or always returning the most popular items [50}|64].
However, these may be very misleading and result in so-called popularity bias since users
often differ in their preferences, which may also vary between types of products and their
characteristics [[87]]. Hence, an additional effort to deal with biases in data is required [[70].
Another interesting approach to dealing with insufficient or missing historical transactions
avail additional sources of information to enhance the data representation. In particular,
in [55]], the authors train RSs with the Linked Open Data model based on DBpedia to find
enough information about new entities. When dealing with the cold-start problem, some
researchers rely on directly inquiring the users about their preferences. Such information
may be collected, e.g., via survey or by asking users to select the most relevant picture
related to the desired item [45]. Combining community-based knowledge with association
rule mining to alleviate the cold-start problem is also bringing very promising results
[76]. Referring to association rule mining (cf. [68]]) and frequent pattern mining (cf. [[12]])
techniques to address the cold-start problem is interesting also from the perspective of
speeding up the recommender systems [36]]. For this reason, frequent pattern mining is
particularly interesting in our research, and we review this field in detail in Section[3.2]
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Most reported cases focus on alleviating cold users [11,47]. Scenarios related to new
items - without any feedback history - are investigated far less often. Whereas, having in
mind the still-emerging new products and services, such approaches are in high demand
and require further research attention. Additionally, we did not find in the literature any
attempt to address the cold-start problem using frequent pattern mining methods. The
cold-start problem is still one of the most prevailing topics deserving further attention and
is particularly interesting in the context of our study [55}/63].

3. Preliminaries

In this section, we briefly summarize the academic knowledge of collaborative filtering
and frequent pattern mining techniques. Then, we review some of the research literature
related to addressing the cold-start problem.

3.1. Collaborative Filtering

The basic idea behind collaborative filtering (CF) is that users who have similar pref-
erences in the past tend to behave similarly in the future. Basically, CF-based methods
rely only on users’ rating history to generate recommendations, meaning that the more
ratings the users provide, the more accurate the recommendations become [33]]. Usually,
historical ratings or preferences can be acquired explicitly or implicitly. So, the CF-based
methods are often distinguished by whether they operate over explicit ratings, where the
users explicitly rate particular items, or implicit ratings, where the ratings are inferred
from observable user activity, such as products bought, songs heard, visited pages, or any
other types of information access patterns [33]. In the literature, collaborative filtering
methods can be classified into two main categories: (i) memory-based techniques, and (ii)
model-based techniques.

The memory-based technique directly uses the rating history, which is stored in mem-
ory, to predict the rating of items that the user has not seen before. However, the memory-
based techniques can be grouped into two different classes: (i) user-based collaborative
filtering, and (ii) item-based collaborative filtering. The user-based collaborative filtering,
also known as k-NN collaborative filtering, works by finding the other users (neighbors)
whose historical rating behavior is similar to that of the target user and then using their
top-rated products to predict what the target user will like. To mathematically formulate
the problem, let us assume there is a list of users U = {u1, ug, ..., u;, } and a list of items
I = {i;,%2, ..., in }. Then, the user-item rating matrix consists of a set of ratings v; ; cor-
responding to the rating for user ¢ on item j. If I; is the set of items on which user ¢ has
rated in the past, then we can define the average rating for user ¢ as follows:

1
v; = m Z V5,5 (1)
tjer;

In user-based collaborative filtering, we estimate the rating of item 5 that has not yet
rated by the target user a as follows [37]:

¥ sla,d)(vig — ;)
SF Is(a, )]

Pa,j = Vg + (2)
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where k is the number of most similar users (nearest neighbors) to a. The weights
s(a, ) can reflect the degree of similarity between each neighbor ¢ and the target user
a. On the other hand, item-based collaborative filtering is just an analogous procedure to
the previous method. The similarity scores can also be used to generate predictions using
a weighted average, similar to the procedure used in user-based collaborative filtering.
Mathematically, we can predict the rating of item j that has not yet been rated by the
target user a as follows [37]:

i1 507, 8) (V)
i ls( )]
where k is the number of most similar items (nearest neighbors) to j that the target
user a has rated in the past. Among other popular metrics, which are often used to calcu-
late the similarity between users, or items, we may mention cosine similarity or Pearson
correlation [26]]. Finally, the recommendations are generated by selecting the candidate
items with the highest predictions.

On the other hand, the model-based technique works by learning a predictive model
using the rating history. Basically, it is based on matrix factorization, which uses the
rating history to learn the latent preferences of users and items. Matrix factorization is an
unsupervised learning method that is used for dimensionality reduction. One of the most
popular techniques applied for dimensionality reduction is Singular Value Decomposition
(SVD). Mathematically, let us assume M is the user-item rating matrix. The SVD of M
is the factorization of M into three constituent matrices such that [37]:

3

Pa,; =

M=Uxv?t 4)

where U is an orthogonal matrix representing left singular vectors of M. V is an
orthogonal matrix representing right singular vectors of M. X' is a diagonal matrix whose
values o; are the singular values of M [37].

3.2. Frequent Pattern Mining

The basic idea of frequent pattern mining, also known as association rule mining, is to
search for all relationships between elements in a given massive dataset. It helps us to
discover the associations among items using every distinct transaction in large databases.
The key difference between association rules mining and collaborative filtering is that
in association rules mining we aim to find global or shared preferences across all users
rather than finding an individual’s preference like in collaborative filtering-based tech-
niques [27]].

At a basic level, association rule mining analyzes the dataset searching for frequent
patterns (itemsets) using machine learning models. To define the previous problem math-
ematically, let I = {41, 2, ...,%,, } be an itemset and let D be a set of transactions where
each transaction 7 is a nonempty itemset such that 7' C I. An association rule is an impli-
cation of the form A = B,where ACI,BCI,A# 0, B+# 0, AN B = (). In the rule
A = B, A is called the antecedent and B is called the consequent. Various metrics are
used to identify the most important itemset and calculate their strength, such as support,
confidence, and lift. Support metric is the measure that gives an idea of how frequent an
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itemset is in all transactions. In other words, the support metric represents the number of
transactions that contain the itemset. Equation [5] shows how we calculate the support for
an association rule.

support(A = B) = P(AU B) ®)

On the other hand, confidence indicates how often the rule is true. It defines the per-
centage of transactions containing the antecedent A that also contain the consequent B. It
can be taken as the conditional probability as shown in Equation 6]

support(AU B)

confidence(A = B) = P(B|A) = support(A)

(6)

Finally, the lift is a correlation measure used to discover and exclude the weak rules
that have high confidence. Equation [/|shows that the lift measure is calculated by dividing
the confidence by the unconditional probability of the consequent [27]].

P(AuB) support(AU B)
P(A)P(B)  support(A)support(B)

lift(A= B) = @)

If the lift value is equal to 1, then A and B are independent and there is no correlation
between them. If the lift value is greater than 1, then A and B are positively correlated. If
the lift value is less than 1, then A and B are negatively correlated.

Various algorithms exist for mining frequent itemsets, such as Apriori, AprioriTID,
Apriori Hybrid, and FP-growth (Frequent pattern) [52]]. In this paper, we employ the FP-
growth algorithm to generate frequent itemsets. What makes FP-growth better than other
algorithms is the fact that FP-growth algorithm relies on FP-tree (frequent pattern tree)
data structure to store all data concisely and compactly, which greatly helps to avoid the
candidate generation step. Moreover, once the FP-tree is constructed, we can directly use
a recursive divide-and-conquer approach to efficiently mine the frequent itemsets without
any need to scan the database over and over again like in other algorithms.

4. Frequent Pattern Mining Framework For Recommender Systems

The main problem we address in this paper is to alleviate the impact of new items cold-
start in recommender systems based on collaborative filtering techniques. These methods
suffer from the cold-start problem whenever a new user joins the system or a new item is
added. In practice, both situations often lead to the inability to provide accurate or mean-
ingful recommendations. To tackle the cold-start problem, we implement the Frequent
Pattern mining framework for Recommender Systems (FPRS).

The FPRS framework extends the popularity-based approach by employing frequent
pattern mining techniques to learn the user preferences depending on users’ and items’
characteristics. Fig [I] shows the high-level design which is used to develop the FPRS
framework. The process of generating the recommendations consists of four stages: (i)
Data Input, (ii) Data Preparation, (iii) Data Preprocessing, (iv) Frequent Pattern Mining,
and (v) Recommendation Generation.
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In the first stage, we enrich the user-item rating matrix by users’ demographics and
items’ characteristics. The data preparation stage consists of two steps. In the first one, we
store only the favorable reviews by filtering out every review/rating below a determined
threshold. In the second step, we perform attributes analysis and check their validity for
generating the recommendation. In the third stage, we apply cluster attributes with more
than one value associated with the object’s key. The main objective of this step is to con-
vert multi-valued attributes into single-value ones with the cluster id so that the dataset
can be split based on their values. In the analyzed case study, we applied agglomera-
tive clustering techniques on the ’genre’ since each movie can be assigned to more than
one genre. After that, we split the dataset for each selected attribute. In the fourth stage,
we generate frequent itemsets using the FP-Growth algorithm. Finally, we produce the
recommendations in the last stage. The developed item cold-start module in the FPRS
framework contains several strategies to select the features and produce recommenda-
tions. More details about these strategies will be provided later in the next section.
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User demographics

Items characterstics
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Fig. 1. Frequent Pattern Mining Framework For Recommender Systems
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In the item cold-start module, we focus on generating recommendations for new items
which are recently added to the system and most likely do not have, or have very few, rat-
ings in the past. We follow multiple strategies to generate such recommendations. These
strategies differ in two main factors: (i) features selected to split the data, and (ii) the
way how the frequent patterns are utilized to generate the recommendations. More details
about the strategies followed in the item cold-start module are provided in Strategy [I]
Strategy [2] and Strategy [3]

In Strategy [I] we split the data only by items’ features, while in Strategy 2} we uti-
lize both items’ and users’ characteristics to split the data (cf. line 1 in both strategies).
Moreover, in Strategy [I] we select the users that compose the recommendation group
based on their engagement in creating the frequent itemsets (cf. line 5 in Strategy [I),
whereas in Strategy [2] the representatives of recommendation group are selected based
on items’ features, to find the so-called dominant group, in addition to the percentage of
users’ engagement in creating the frequent itemsets (cf. lines 5 and 7 in Strategy [2)). On
the other hand, in Strategy 3] we form clusters based on the frequent 1-itemsets created
by users’ and items’ features (cf. line 4 in Strategy [3). Then, the recommendation group
for the new item is created based on the percentage of users’ engagement in creating the
frequent itemsets in the closest cluster (cf. line 7 in Strategy [3).

All the thresholds used in the above-described strategies are selected by objectively
searching for an optimal set of values, i.e., that achieves the best performance on a given
dataset. More details on how we choose these values are provided in Section [3]

Strategy 1 Item Cold-Start Module (Items Characteristics Split)
1: Split the records based on items characteristics (i.e., genre)
2: Generate frequent itemsets {support > min_support}
3: Set the participation percentage threshold
4: for each value in genre do
5. Find all users who involved in creating larger than the participation threshold of frequent
itemsets
6: end for
7: Recommend the new item based on its genre to all users found in previous step

Strategy 2 Item Cold-Start Module (Users/Items Characteristics Split)

1: Split the records based on users/items characteristics (i.e., gender and genre)

. Generate frequent itemsets {support > min_support}

: Set the participation percentage threshold

: for each value in genre do

Find the dominant gender by counting how many frequent itemsets are generated by male

and female

: end for

7: Recommend the new item based on its genre to all users belonging to the dominant gender who
involved in creating larger than the participation threshold of frequent itemsets

[NV

[=))
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Strategy 3 Item Cold-Start Module (Clustering-based)

1: Split the records based on users/items characteristics (i.e., gender and genre)

2: Generate frequent 1-itemsets {support > min_support}

3: Set the participation percentage threshold

4: For each genre: assign frequent 1-itemsets created by male to one cluster and frequent 1-
itemsets created by female to another cluster

: Find the center of each cluster

: Calculate the distance between the new item and the center of each cluster

7: Recommend the new item to all users who involved in creating larger than the participation

threshold of frequent itemsets in the closest cluster

A W

5. Evaluation Methodology

In this section, we conduct comprehensive experiments to evaluate the performance of the
FPRS recommender system.

5.1. Dataset and Evaluation Measures

In our experiments, we used three datasets (MovieLens 100K, MovieLens 1M ['| and
LDOS-CoMoDaEb. MovieLens datasets were collected by the GroupLens research project
at the University of Minnesota. MovieLens 100K contains 100,000 ratings given by 943
users on 1,682 movies on a scale from 1 to 5. In comparison, MovieLens 1M contains
1,000,000 ratings of approximately 3,900 movies made by 6,040 users on a scale from
1 to 5. On the other hand, LDOS-CoMoDa is a context-rich movie recommender dataset
that consists of 200 users who gave 2,296 ratings for 4,138 movies in twelve pieces of
contextual information describing the situation in which the user consumed the item. This
dataset is collected from real user-item interactions and not from the hypothetical situation
or user’s memory of past interactions.

In all datasets, we combine three files (users.data, items.data, ratings.data) in order
to join users’ characteristics (e.g., demographics), items’ attributes, and ratings in one
dataset. The final/joined dataset contains userld, itemld, rating, gender, age, occupation,
and genre attributes (cf. Table[I)). Moreover, we performed further analysis of some fea-
tures we used in our experiments (i.e., gender and genre) to understand the interrelation
between these features and their potential impact on the obtained results. Figures [2] show
the most popular movie genres among males and females for all datasets.

After preprocessing the data and removing invalid records, we split it into training
and testing datasets. To properly evaluate the item cold-start module, we first find the 50
most active users. Then, we select some of the most-rated movies by those 50 users. The
ratings of all those movies by all users (7,320 records in MovieLens 100K, 41,105 records
in MovieLens 1M, and 126 records in CoMoDa) are considered as testing set, keeping
the rest of the records in the training set. This way, we may ensure enough interactions to
assess quality reliably in the testing phase. Note that all the ratings for the selected movies
are removed from the training dataset, which corresponds to the item cold-start.

! https://grouplens.org/datasets/movielens/
2 https://www.lucami.org/en/research/ldos-comoda-dataset/
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Table 1. Selected data characteristics.

Attribute Data Type Va.lue Range Val}le Range Value Range
Name (MovieLens 100K) (MovieLens 1M) (LDOS-CoMoDa)
gender || Character M-F M-F M-F

age Number Under 18-73 Under 18-56 15-63
occupation Text 21 occupation 21 occupation NA
genres Text 19 genres 19 genres 25 genres

In our study, we consider a binary decision task whether a given item (i.e., a movie)
is appropriate for the user. To correctly model this situation, we assume that films rated
by users 3 or more are preferred by them (belong to the positive class). In contrast, those
ranked lower are poorly matched to the users. Therefore, the FPRS recommender system
feedback for each item is binary information: to recommend or not. Following that, in
order to assess the quality of the prediction, the F; measure is used [66].

2. prec.islion - recall ®)
precision + recall

where precision quantifies the number of correct positive recommendations made (see
Equation [9), and recall quantifies the number of correct positive recommendations made
out of all positive predictions that could have been made (see Equation [10).

iy TP
Precision = W (9)
TP
Recall = m (10)

Moreover, we use the accuracy metric to measure all the correctly identified cases.
This measure is mostly used when all the classes are equally important.

Accuracy = TP+TN (11)
Y= TP+FP+TN+FN

5.2. Baseline Methods

To showcase the strengths of FPRS, we evaluate it against two baseline models designed
for the cold-start recommender system. The first one [7]], called regularization differenti-
ating functions (RDF), was proposed recently to address the cold-start problem by extend-
ing the matrix factorization-based models using three simple regularization differentiating
functions (RDF). In particular, these functions assign lower regularization weights to the
latent factors associated with popular items and active users, and set higher regularization
weights on long tail items, that were rated/viewed/purchased by few users, and less active
users. The goal of this method is to enhance the MF-based models by utilizing more infor-
mation revealed by popular items and active users, and make conservative predictions on
long tail items and less active users. In the evaluation, we utilized the publicly available
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Fig. 2. Histogram of the variables (rating, genre, and gender) in MovieLens (100K and
1M) and LDOS-CoMoDa datasets.

implementationﬂ provided by the authors, which integrates the proposed regularization
technique with the SVD, SVD++, and the NMF models. On the other hand, in order to

! https://github.com/ncu-dart/rdf
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demonstrate the efficiency of frequent pattern mining in RS, we build a baseline model in
a similar way to the FPRS strategies, yet the FP-growth algorithm was omitted. In order
to evaluate the item module of FPRS, we find the most popular (watched) genre for each
user. Then each new movie is recommended to all users whose favorite genre is the same
as the new movie’s.

5.3. Performance Comparison and Analysis

In order to provide a fair comparison, we use precision, recall, F;-score, and accuracy
measures to compare the performance of FPRS against two RSs, namely Baseline and
RDF, which are described in Section [5.2] After splitting the dataset into the training and
testing sets and training the baseline and FPRS recommendation systems, we run multiple
experiments to evaluate the item cold-start module.

In these experiments, we evaluated the item cold-start module in FPRS. We calculated
precision, recall, Fi, and accuracy measures for the results generated by Baseline, RDF,
and FPRS following all the strategies described in Section 4] The comparative summary
of this evaluation is shown in Tables 2] 3] and[4] The results show that the performance of
FPRS, using all strategies, is superior to Baseline and RDF solutions. However, the results
differ slightly between datasets.

For MovieLens 100K, all strategies reported similar recall. Regarding precision and
F measures, the most successful in dealing with new items in this data appeared to be
Strategy [2] which is based on both items’” and users’ characteristics. However, for the ap-
plications that do require high accuracy, it would be better to apply Strategy [3| which was
also superior in terms of recall, F}, and accuracy on the second dataset (i.e., MovieLens
IM). When it comes to the LDOS-CoMoDa dataset, we notice that Strategy [T]is the most
successful in terms of recall and F'; measures. Whereas, Strategy [2] achieved the highest
accuracy, while strategy [3|reported the best precision. When it comes to Baseline and RDF
models, they reported relatively similar F; scores. However, RDF outperformed Baseline
in terms of recall, while Baseline achieved higher accuracy than RDF.

It is important to emphasize that there is no absolute superior strategy, but the appro-
priate approach should be selected based on the application’s requirements. For example,
when we deal with small datasets, like LDOS-CoMoDa, it is recommended to use strate-
gies that keep enough records in the partitioned datasets to extract frequent itemsets. This
is observed while evaluating FPRS using the LDOS-CoMoDa dataset (cf. Table ). The
results show that Strategy [T} which splits the data only based on items’ features, is superior
in terms of recall and F measures.

However, selecting the appropriate evaluation measure plays an important role while
choosing the proper strategy. The precision measure is focusing on the number of correct
recommendations considering the mistakes made. On the other hand, the recall measure
does not take into account the mistakes made since it only considers the number of correct
recommendations made out of all positive predictions that could have been made (cf.
Equations[9]and[I0). According to the previous, the proper strategy can be selected relying
on the evaluation measure that best matches the target of our application.

Finally, all strategies were evaluated at the participation threshold value of 30% and
man_support value of 0.2 for MovieLens 1M and 100K. Regarding LDOS-CoMoDa, the
strategies were evaluated at the participation threshold value of 20% and min_support
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