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Guest Editorial: Machine Learning-based Decision
Support Systems in IoT systems

Mu-Yen Chen1, Jose de Jesus Rubio2, and Mirjana Ivanović3

1 National Cheng Kung University, Taiwan, mychen119@gs.ncku.edu.tw
2 Instituto Politécnico Nacional, Mexico, rubio.josedejesus@gmail.com

3 University of Novi Sad, Faculty of Sciences, Serbia, mira@dmi.uns.ac.rs

In contemporary research in Information and Communication Technologies, the In-
ternet of Things (IoT) is getting to be one of the most popular technologies that facilitate
new interactions among things and humans to enhance the quality of life and comput-
ing systems in a lot of domains. In IoT environments, enormous amounts of data is be-
ing generated by numerous interconnected smart and intelligent devices. Many different
decision-making processes rely on quality and proper processing this data to trigger events
or control actuator. With the rapid development of IoT systems, Intelligent Decision Sup-
port System (IDSS) paradigm is emerging as an attractive solution for processing and
managing the information of IoT devices by providing optimal Quality of Service (QoS).
IDSS for IoT systems investigates the massive quantity of complex data to help industry,
academicians, medical systems, smart city and other smart applications. Decision support
system (DSS) is an intelligent system, which offers excellent assistant in diverse levels of
information technology. Besides, it is a dynamic information model as important data is
added on a uniform basis. IoT, embedded devices, sensors, mobile applications, manual
data entry and online sources are few complex data sources for IDSS. IDSS makes use
of a specter of powerful Machine Learning techniques to enhance the process of com-
plex making decisions and prediction. Other Artificial Intelligence techniques such as
Metaheuristic, Fuzzy Logic, Case-based Reasoning, Artificial Neural Networks, and In-
telligent Agents can be integrated into DSS for IoT systems to increase their reliability
and performances. Despite the importance of decision making on IoT systems, this special
issue invited researchers to publish selected original papers presenting intelligent trends
to solve new challenges of IDSS problems.

This special issue received 43 submissions where the corresponding authors were ma-
jorly counted by the deadline for manuscript submission with an open call-for-paper. All
these submissions were considered significant in the field, but however, one-half of them
passed the pre-screening and quality check by guest editors. The qualified papers then
went through double-blinded peer review based on a strict and rigorous review policy of
ComSIS Journal. After a totally three-round review, 16 papers were accepted for publica-
tion. A quick overview to the papers in this issue can be revealed below, and we expect
the content may draw attention from public readers, and furthermore, prompt the society
development.

The first article entitled “Adaptive Multiscale Sparse Unmixing for Hyperspectral Re-
mote Sensing Image”, by Li et al. present an adaptive multi-scale spatial sparse hyper-
spectral unmixing algorithm (AMUA) to deal with the unmixing hyperspectral images.
The results show the robustness and accuracy of the AMUA algorithm.

The second article entitled “Evaluation of Smart City Construction and Optimization
of City Brand Model under Neural Networks”, by Li et al. integrate the artificial neural
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network (ANN) and grey relational analysis (GRA) to evaluate the smart city construction
and city brand. Finally, the results show the proposed model has the better performance
than the EWM, GRA and TOPSIS methods.

The third article entitled “Security Performance Analysis of Active Intelligent Re-
flective Surface Assisted Wireless Communication”, by Li et al. apply the Intelligent Re-
flecting Surface (IRS) to wireless security communication, and design passive/active IRS
methods to improve and optimize the security capacity.

The fourth article entitled “Content-only attention Network for Social Recommenda-
tion”, by Wu et al. develop a content-only multi-relational attention network (CMAN) for
social recommendation. The proposed model jointly estimates the score similarity and
trust relationship on user similarity, and further achieves the high recommendation accu-
racy.

The fifth article entitled “Machine Learning-based Intelligent Weather Modification
Forecast in Smart City Potential Area”, by Chao adopts the machine learning approach
and decision tree algorithms to develop the weather prediction model. The experimen-
tal results illustrate the proposed model can outperform the existing mesoscale regional
prediction methods for the bad weather variation.

The sixth article entitled “Predicting Smart Cities’ Electricity Demands Using K-
Means Clustering Algorithm in Smart Grid ”, Wang et al. adopt the back propagation neu-
ral network (BPNN) and K-means clustering algorithm to build the electricity demands
prediction model. The experimental results illustrate the proposed model can achieve high
accuracy rate of 85.25% and provide a valuable reference for power industry.

The seventh article entitled “Using Machine Learning Approach to Construct the Peo-
ple Flow Tracking System for Smart Cities”, by Yao et al. propose a human target detec-
tion algorithm based on convolutional neural network (CNN) model and then construct a
people flow tracking system to detect pedestrians effectively. This research is useful for
the people flow statistics in public areas under smart city issues.

The eighth article entitled “Using neural network to automatic manufacture product
label in enterprise under IoT environments”, by Zhang and Dong applies the KNN, SVM,
decision tree, random forest, GBDT, XGBoost, and ANN methods into the manufacturing
dataset. Finally, the artificial intelligence model can decrease the frequency of production
line shutdown and increase the factory productivity.

The ninth article entitled “Using deep learning to automatic inspection system of
printed circuit board in manufacturing industry under the internet of Things”, by Zhang
adopts the deep learning approach to construct the automatic optical inspection (AOI) sys-
tem for printed circuit board (PCB) defects in Industry 4.0. The results show the image
recognition rate is 92% and the component recognition rate reaches 99%.

The tenth article entitled “Large-scale Image Classification with Multi-perspective
Deep Transfer Learning”, by Wu et al. modify the channel attention module and spatial
attention module to construct a multi-perspective convolutional neural network model.
The results point out the proposed model outperform other machine learning and deep
learning models on ImageNet-1K and Cifar-100 datasets.

In “Using artificial intelligence assistant technology to develop animation games on
mobile devices”, Zhang develops an XNA animation game with AI technology including
the finite state machine, fuzzy state machine and neural network to improve the learn-
ing ability of AI roles than traditional rule-base system. The results demonstrate the ad-
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vantages of AI can bring important features such as scalability, reusability and design
flexibility for the animation games development.

In “Pedestrian attribute recognition based on dual self-attention Mechanism”, by Fan
and Guan use the spatial and semantic self-attention mechanism to construct a robust
pedestrian attribute recognition framework based on convolutional neural network model.
As the results, the proposed model can improve the recognition accuracy of attributes in
both the PETA and RAP pedestrian attribute datasets.

In “Inverse Halftoning Based on Sparse Representation with Boosted Dictionary”,
Yang et al. present an image inverse halftone algorithm for error diffusion halftone image
by using the deconvolution and the denoising approaches. The experimental results illus-
trate the proposed algorithm achieves the better PSNR than other comparison algorithms.

In “Selective Ensemble Learning Algorithm for Imbalanced Dataset”, Du et al. de-
velop a selective ensemble learning algorithm based on under-sampling approach for
imbalanced dataset. In this study, the G-mean or F-mean will be used to calculate the
classification performance of the ensemble stage. As the results, the proposed algorithm
obtains the good generalization capability on imbalanced dataset for both of UCI dataset
and KDDCUP dataset.

In “Personalization Exercise Recommendation Framework based on Knowledge Con-
cept Graph”, Yan et al. integrate the knowledge structure diagram and constructivist learn-
ing theory to build a personalized exercise recommendation framework. The framework
is implemented based on a graph neural network and the experimental results are better
than other four methods (BKT, DKT, GKT and HGKT).

The last paper “The Duration Threshold of Video Content Observation: An Exper-
imental Investigation of Visual Perception efficiency” by Song et al. design an investi-
gation process into the efficiency of human visual perception on video clips considering
exposure duration. The proposed method adopts several indicators to evaluate the perfor-
mance of image processing, which is different from the traditional AI methods.

Acknowledgments. The guest editors are thankful for the hard work and enthusiasm of our au-
thors and reviewers without whom the current issue and the publication of the journal itself would
not have been possible. We also thank the Editorial Team members Vladimir Kurbalija, Jovana Vi-
daković and Davorka Radaković for technically guiding the whole process of preparation of this
issue.
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Abstract. Sparse unmixing of hyperspectral images aims to separate the 

endmembers and estimate the abundances of mixed pixels. This approach is the 

essential step for many applications involving hyperspectral images. The multi-

scale spatial sparse hyperspectral unmixing algorithm (MUA) could achieve 

higher accuracy than many state-of-the-art algorithms. The regularization 

parameters, whose combinations markedly influence the unmixing accuracy, are 

determined by manually searching in the broad parameter space, leading to time 

consuming. To settle this issue, the adaptive multi-scale spatial sparse 

hyperspectral unmixing algorithm (AMUA) is proposed. Firstly, the MUA model 

is converted into a new version by using of a maximum a posteriori (MAP) 

system. Secondly, the theories indicating that andnorms are equivalent to 

Laplacian and multivariate Gaussian functions, respectively, are applied to 

explore the strong connections among the regularization parameters, estimated 

abundances and estimated noise variances. Finally, the connections are applied to 

update the regularization parameters adaptively in the optimization process of 

unmixing. Experimental results on both simulated data and real hyperspectral 

images show that the AMUA can substantially improve the unmixing efficiency at 

the cost of negligible accuracy. And a series of sensitive experiments were 

undertook to verify the robustness of the AMUA algorithm. 

Keywords: adaptive multiscale sparse hyperspectral unmixing algorithm, loss 

functions, regularization parameters, maximum a posteriori. 

                                                           
* Corresponding authors 
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1. Introduction 

Hyperspectral remote sensing image (HRSI) is the data obtained by hyperspectral 

resolution sensors, which has led to extensive exploration in geology, medicine, aerial 

surveillance and other fields[1-7]. Numerous mixed pixels exist due to the low spatial 

resolution of the HRSI, which hinders the application of hyperspectral data. One of the 

key issues of HRSI systems lies in the separation of endmembers and the corresponding 

abundances from the mixed pixel[8-9]. This process is recognized as hyperspectral 

unmixing, which relies on a basic assumption of Linear Mixed Model (LMM); that is, 

the spectrum of a specific pixel is a linear mixture of the endmembers[8,10,11]. Sparse 

unmixing has attracted extensive recognition in the past few years with the increasing 

availability of spectral libraries. Sparse unmixing aims to estimate an abundance when 

the HRSI and spectral library are given in [12-19]. Thus, sparse unmixing usually is 

usually regarded as an ill-posed inverse problem, which indicates the absence of any 

unique solution. To alleviate such problems, a popular technique is widely used by 

adding regularizations to the loss function. Iordache et al.[20] considered that a pixel 

contains only a few numbers of components and introduce sparsity through the 

abundance map. In [20], the  regularization was added to the abundance matrix to 

develop the sparse unmixing algorithm via variable splitting and augmented Lagrangian 

(SUnSAL). The SUnSAL has improved unmixing performance whilst ignoring the rich 

spatial correlation information among neighbouring pixels. For exploring spatial prior 

information, several sparse unmixing algorithms with the spatial prior information, such 

as SUnSAL with total variation (SUnSAL-TV) [21], have been introduced. The 

SUnSAL-TV utilized total variation regularization to estimate an abundance map, 

which has piecewise transitions at the cost of smoothing sharp discontinuities between 

neighbouring pixels. A new spectral–spatial weighted sparse unmixing (S2WSU) was 

developed to capture considerably sharp discontinuities[22]. S2WSU employed the 

spectral and spatial regularizations simultaneously to derive a sparse solution and obtain 

better abundance results[22]. However, this approach requires a considerable amount of 

time and is sensitive to noise. To overcome the limitations, Borsoi et al.[23] made use 

of multi-scale spatial information to develop a novel multi-scale sparse unmixing 

algorithm (MUA). In MUA, the original HRSI(in the original image domain) was 

transformed to a coarse-scale (CS) representation via means of segmentation 

techniques[24-28]. At this scale, the SUnSAL was used to estimate an initial abundance 

value. The initial abundance was then converted back to the original image domain to 

yield a low-level image, which is regarded as a novel information of the spatial context. 

A SUnSAL loss function was constructed in the original image domain. The new 

regularization term for the low-level image was added to this SUnSAL model to 

construct a novel unmixing mathematical model for the original HRSI. Therefore, MUA 

is the linear regression problem involving three regularization parameters. In the process 

of deducing the solutions, several existing works have reported that the estimated 

accuracy relies heavily on a proper configuration of these regularization parameters [29-

34]. Given the desirable values, the MUA has achieved remarkable success in obtaining 

piecewise homogeneous abundances and sharp discontinuities among neighbouring 

pixels [23]. Unfortunately, the optimal regularization parameters in MUA are obtained 

by exhaustive search, which is unsuitable for real applications. 

A new format based on the MAP estimation technique is proposed for the solution of 

the regularization parameter selection problem for MUA. The MAP mainly aims to 
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identify the unknown fractional abundances including the regularization parameters by 

using the Bayes rule. As an effective adaptive parameter estimation method, the MAP 

system is used widely used for adaptively selecting regularization parameters in deep 

learning networks and image super-resolution [35-40]. To build the adaptive version of 

MUA, the MAP is applied to redesign the unmixing problem into a unified model to 

obtain the relations between the optimal regularization parameters and the fractional 

abundances. 

Inspired by the idea in [35-37], an adaptive regularization parameters strategy for 

MUA is introduced, which is shown in Fig. 1.  

 

Fig.1. Framework of our proposed adaptive mutliscale spatial sparse unmixing scheme. 

There are total 10 steps. At step 0, the HSI image is transformed to the coarse scale 

by W; At step 1, the HSI is inputted into the coarse scale and spectral libraries; At step 

2, the model for unmixing the HSI in the coarse scale is constructed; At step 3, the 

model with adaptive regularization parameters scheme is solved; At step 4, the solution 

in coarse scale is obtained; At step 5, the solution by step 4 is mapped into the original 

domain; At step 6, the solution by step 4 is inputted to HSI and spectral libraries; At 

step 7, the model for unmixing with spatial prior is constructed; At step 8, the model by 
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step 7 with adaptive regularization parameters scheme is solved; At step 9, the final 

estimated abundance by automatic version of the multiscale spatial sparse unmixing 

algorithm is obtained. The major contributions are as follows. 

1. The adaptive multi-scale spatial sparse unmixing strategy for MUA (AMUA) 

can adaptively choose the regularization parameters at each iteration in 

unmixing process. 

2. The adaptive multi-scale spatial sparse unmixing strategy for MUA (AMUA) 

can adaptively choose the regularization parameters at each iteration in 

unmixing process. 

3. The adaptive multi-scale spatial sparse unmixing strategy for MUA (AMUA) 

can adaptively choose the regularization parameters at each iteration in 

unmixing process. 

The whole work is arranged as follows. The part 2 reviews the MUA method. The 

part 3 introduces the development process of the AMUA method in detail. The part 4 

introduces numerous experiments and detailed comparisons. The part 5 discusses the 

sensitivity of the proposed method. Finally, the part 6 is the conclusion of the work. 

2. Review of Multi-scale Spatial Hyperspectral Unmixing 

The section describes the framework of the multiscale sparse unmixing algorithm 

(MUA), which is closely related to the proposed method. 

Let        have L bands and N pixels, which is HRSI. The mixing process is 

modelled by the linear mixing model (LMM) [8], which is given as follows: 

                        
     

  ,                                        (1) 

where                     represents an endmember spectral library with P 

endmembers; X is an abundance matrix and                    .     and 

  
     

  is the abundance constraints (ANCs)[8]. Notation [·]
T
 represents 

vector/matrix transpose, and        denotes an additive noise. 

Only a few endmembers from library A are present in a pixel. Thus matrix X exhibits 

sparse property, and sparse unmixing can be specified as a function 

          
 

 
         

                  ,                             (2) 

where          is the sparse regularization term and       represents non-negativity. 

Therefore, the optimization problem of the MUA model can be written as follows 

[23]: 

  
          

 

 
           

              ,                                (3) 

         
   

         
            

 

 
    
      

  ,                        (4) 

where        represents a transformation;         denotes conjugate 

transform;        represents the transformation of the original image Y to coarse 

approximations.        means transforming the abundance matrix X to the 

corresponding coarse scale.   
  is the abundance estimated by equation (3) in coarse 
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scale and   
    

    stands for mapping the   
  back to the original image domain to 

yield the coarse abundance   
 . Lastly,    is the final solution to MUA [23]. λ, β and λc 

are the regularisation parameters. 

3. Adaptive Multi-scale Spatial Sparse Hyperspectral Unmixing 

This section describes the use of MAP to investigate the relationships among the 

estimated abundance, regularization parameters and the noise variance of the HRSI. 

These relationships are applied to the alternating direction multiplier (ADMM) 

algorithm [41] to settle the problem of adaptive multiscale spatial sparse unmixing. 

The multi-scale spatial sparse unmixing comprises two mathematical models in (3) 

and (4). Firstly, the model in (4) is investigated: given Y and A, X is estimated together 

with the parameters λ and β. Under the Bayesian framework and MAP, the unmixing 

model in (4) can be reconsidered as estimating the λ, β and X at the same level and the 

problem can be rewritten as: 

   , ,  =       
   

(p( , ,   )) .                                            (5) 

Using Bayes’ rule, (5) can be expressed as: 

   , ,   =       
       

(
                        

    
) .                                   (6) 

The λ, β and X are independent of p(Y); thus (6) is equivalent to (7): 

   , ,   =       
       

(                         ,                              (7) 

where (          is the likelihood distribution of the X equal to       . Suppose Y 

is polluted by zero-mean white Gaussian noise, the probability distribution of        is 

as follows: 

       
 

     
     

         
 

   
   ,                                      (8) 

where    is the standard deviation of the Gaussian noise. 

For the abundance matrix X with sparse property and spatial prior information, 

Borsoi et al. indicated that          corresponds to a Laplacian probability with zero-

mean [22]. Wang et al. reported that     
      

  can be regarded as an independent and 

identically distributed multivariate Gaussian prior with a zero-mean value [12,42]. 

Therefore, the prior density       could be written as 

      
 

 
      

          
  

         
    
      

 

   
   

              
 

 
      

          

  
 

          
 

   
   ,                                                     (9) 

where C is the normalization factor related to the sum of the succeeding exponential 

function and    stands for the standard deviation of the map acquired by the   
   .    

is the standard deviation of the abundance X. 
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The prior for        is a uniform distribution [37]. Substituting (8) and (9) in (7) yields  

   , ,  =       
       

(                                   ) 

=      
       

  
         

 

   
  

          

  
 

          
 

   
                       ) 

                                          =      
       

 
         

 

   
  

          

  
 

          
 

   
 ) ,                                    (10) 

where logC1 is the irrelevant term from          and           . C2 is the standardized 

constant related to the stable prior value of       .  
From (4) and (10), the relationships between the regularization parameters λ, β and 

the unknown abundance X can be determined by the following: 

  
    

 

  
    

  
 

  
  .                                                   (11) 

Similarly, the above processing is performed on (3) to obtain the following:  

        
     

 .                                                        (12) 

where     
and    are the standard deviations of the abundance    and image   , 

respectively.  

Table 1. Algorithm 1: AMUA 

Algorithm 1: AMUA 

1. Input: 

                 
                        

Max_Iter=50; choose   
   

   randomly. 

Repeat 

  
   

         

 

 
           

    
     

         ; 

   
   

           
    )；   

   
       

   
 ;   

   
 

      
   

  

   
   ; 

Until:       
      

     
       or             

Output:   
 =  

   
 

2. Input: 

A;Y;   
    

   ;   set t = 1; Max_Iter = 50; 
       choose         randomly; 

Repeat:  
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Until:                       and; 
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Lastly, (13) lists the summary of regularization parameters. 

                              

λ  
    

 

  

  
  
 

 β
 

   
     

 

    
 
 

 
 

                                                                (13) 

Observing (13), strong relationships are found between the regularization parameters 

and the standard deviations (  ,    ,    ,     ,     
). These standard deviations are 

unknown in the real HRS and are usually estimated as follows:    is estimated by the 

method in [43],     and    
result from the abundance estimated at the corresponding 

iteration. The details will be described in the Algorithm 1.  

The main iterative process of AMUA is listed in Algorithm 1 using the (ADMM) 

strategy [41], which can degrade the complex problem into a series of simple ones and 

efficiently solve AMUA. Notably, the transformation W, which was mentioned after 

Equation (4), appears in Algorithm 1. The W denotes the operation of transforming the 

original image to a coarser scale [23], such as a segmentation with binary partition tree 

(BPT) [44] and over-segmentation with the simple linear iterative clustering 

(SLIC)[45]. Additional details will be presented in section 4. 

4. Experiments 

In this part, numerous experiments were performed on two simulated datasets (DC1 and 

DC2), and one real HRSI to illustrate the accuracy and effectiveness of the proposed 

algorithms. The proposed method AMUA has two alternatives: AMUA using BPT 

segmentation (denoted as AMUA (BPT)) and that using SLIC segmentation (denoted as 

AMUA (SLIC)). The proposed methods are compared with MUA using BPT (denoted 

as MUA(BPT)) [23], MUA using SLIC (MUA(SLIC)) [23], SUnSAL [20], SUnSAL-

TV [21] and S2WSU [22]. 

The optimal regularization parameters(    ,   ) are manually selected by performing 

a grid search for different datasets in SUnSAL, SUnSAL-TV, S2WSU and MUA 

algorithms. For the different datasets, Table 2 lists the optimal parameters given in [20], 

[21], [22], [23]. Notably, the regularization parameters(    ,   ) in AMUA algorithms 

are automatically estimated by an alternating iterative process. Hence, the parameters in 

AMUA algorithm are not constant and denoted by NA in Table 2. 
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Table 2. Parameters 

4.1. Simulated and real datasets for efficiency comparison 

To illustrate the efficiency, Table 3 lists the running times of SUnSAL, SUnSAL-TV, 

S2WSU, MUA and AMUA for DC1, DC2 and Cuprite data. All the algorithms were 

carried out on PC, using MATLAB R2019b, an Intel Core i5-8250u CPU (1.6 GHz) and 

8.00 GB RAM. For SUnSAL, SUnSAL-TV, S2WSU and MUA, the regularization 

parameters (    ,   ) are computed by a loop running many times with different 

combinations of some parameters until the best unmixing result is obtained. In most 

cases, the total number combinations of the parameters (TNCP) amounts to 100 at least. 

And for one combination, the executing time (ET) is different for different algorithms. 

Hence, the running time is computed by multiplying TNCP with ET. Since the 

parameters are estimated automatically in AMUA, there are not many parameter 

combinations, so the TNCP is equal to one. Compared with all other algorithms in 

Table 3, the AMUA efficiency is greatly improved and the total running time is greatly 

reduced. For DC2 instance, the total running times for SUnSAL, SUnSAL-TV, 

S2WSU, MUA(BPT), MUA(SLIC), AMUA(BPT) and AMUA(SLIC) are 1046.3s, 

17108s, 9130.5s, 1121.7s, 650.6s, 160.496s and 74.021s. The greatly improved 

efficiency mainly result from that the AMUA avoids extensive search for optimal 

parameters. 

Table 3. Running times (Simulated database for accuracy comparison) 

Data 

Algorithms 

SUnSAL SUnSAL-TV S2WSU MUA 

(BPT) 

MUA 

(SLIC) 

AMUA 

(BPT) 

AMUA 

(SLIC) 

DC1 5.187s 100 164.839s 100 50.063s 100 14.947s 100 7.164s 100 23.028s 1 19.869s 1 

DC2 10.463s 100 171.08s 100 91.305s 100 11.217s 100 6.506s 100 160.496s 1 74.021s 1 

Real mage 368.7s 100 2290.4s 100 961.8s 100 157.9s 100 202.5s 100 1107.8ss 1 997.34s 1 

 

     Algorithms 

 
   Data 

DC1 data cube 

20dB               30dB 

DC2 data cube 
20dB                   30dB 

Curprit 

SUnSAL λ = 0.7 λ = 0.1 λ = 0.1 λ = 0.01 λ = 0.01 

SUnSAL- TV λ = 0.05 λ = 0.007 λ = 0.01 λ = 0.005 λ = 0.001 

λT V = 0.05 λT V = 0.01 λT V = 0.03 λT V = 0.007 λT V = 0.001 

S2WSU λ = 0.1 λ = 0.005 λ = 0.01 λ = 0.01 λ = 7E(-5) 

MUA(BPT)  λ = 0.1 λ = 0.1 λ = 0.1 λ = 0.05 λ = 0.001 

λC = 0.005 λC = 0.005 λC = 0.005 λC = 0.001 λC = 0.001 

β = 30 β = 30 β = 5 β = 1 β = 3 

AMUA( BPT)  NA NA NA NA NA 
MUA( SLIC)  λ = 0.1 λ = 0.05 λ = 0.1 λ = 0.03 λ = 0.001 

λC  = 0.03 λC  = 0.007 λC  = 0.007 λC  = 0.003 λC  = 0.001 

β = 30 β = 10 β = 10 β = 3 β = 30 
AMUA( SLIC)  NA NA NA NA NA 
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4.2. Simulated database for accuarcy comparison 

Data cube DC1, which comprises 5 endmembers, has 75×75 pixels[20]. Meanwhile, 

data cube DC2 containing piecewise smooth abundance maps (with steep transitions) 

has 9 endmembers and 100×100 pixels[23]. In DC1 and DC2, the observed HRSIs 

were contaminated by white Gaussian noise, with signal-to-noise ratios (SNR) of 20 and 

30dB[23]. To assess the accuracy of unmixing, the signal-to-reconstruction error 

(SRE)[21] is defined as shown below:   

                   
              

   ,      (13) 

where   and    are the true and estimated abundance, respectively; a high SRE value 

for the estimated abundance leads to high estimated accuracy. 

Table 4 lists the SRE values of different algorithms for the data DC1 and DC2. And 

Fig.2 shows these values directly in a histogram. Compared with MUA, the SRE value 

of AMUA is slightly lower, near to that of MUA. For DC1 with a 20 dB instance, the 

SRE value of AMUA (BPT) achieves 12.715, the SRE of MUA(BPT) is 13.393, and the 

difference is only approximately 0.68. Meanwhile, the results of the AMUA algorithm 

were significantly better than those of SUnSAL(4.541), SUnSAL-TV(9.424) and 

S2WSU(7.697).  

Table 4. SRE values of different algorithms on DCI and DC2. 

            Algorithms 

Data 

DC1 data cube DC2 data cube 

20dB 30dB 20dB 30dB 

SUnSAL 4.541 8.911 4.281 10.428 

SUnSAL-TV 9.424 14.441 11.554 17.988 

S2WSU 7.697 15.487 9.332 21.668 

MUA(BPT) 13.393 18.257 13.928 16.963 

 

Fig. 2. SRE values of different algorithms on DC1 and DC2 by histogram 

Compared with S2WSU, the SRE values of AMUA are more stable. The SRE values 

of S2WSU for DC2 with 30 dB instance achieve the best performance (21.668) among 
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listed algorithms. However, the SRE value of S2WSU degrades rapidly to 9.332 when 

the SNR is decreased to 20 dB. The SRE values of AMUA(BPT) for DC2 30 and 20 dB 

are 16.963 and 13.928, respectively. The SRE values of AMUA(SLIC) for DC2 30 and 

20 dB are 17.60 and 14.488, respectively, demonstrating a stable performance.  

Figs. 3 and 4 show abundance map samples from different algorithms for the second 

endmember of DC1 and DC2, respectively, with the upper row 20 DB SNR and the 

lower row 30 DB SNR.  

Fig. 3 shows that the global differences between MUA and AMUA are too small to 

be observed, especially those between MUA(BPT) and AMUA(BPT), as shown in the 

red rectangles. Fig. 4 shows that compared with MUA, AMUA can improve the 

sharpness of edge regions between adjacent regions, such as green ellipse regions, and 

obtain more smooth homogeneous areas, such as the region in the yellow circle.  

 

Fig. 3. Abundance maps obtained by different unmixing algorithms for the second endmember in 

DC1 

 

Fig. 4. Abundance maps obtained by different unmixing algorithms for the second endmember in 

DC2 

4.3. Real hyperspectral image for accuracy comparison 

To evaluate the robustness of the proposed AMUA algorithm, qualitative comparisons 

were constructed using Cuprite, a well-known and widely used real data set provided in 

[43]. The abundance images estimated by different algorithms for the minerals alunite, 

buddingtonite and chalcedony are shown in Fig. 5, arranged from top to bottom. The 

AMUA algorithms can obtain similar abundance to that of MUA algorithms. However, 

some parts from AMUA (BPT) are smoother than that of MUA (BPT), such as the parts 

highlighted by the ellipses in Fig. 5. The edge parts by AMUA (BPT) are also sharper 

than by MUA (BPT), such as the areas highlighted by the rectangle in Fig. 5. 
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Fig. 5. Abundance maps of different algorithms methods for the data Cuprite. 

5. Sensitivity discussion 

This section will analyse the sensitivity of the AMUA algorithm to the regularization 

parameters (    ,   ), the estimated noise and the estimated abundance. 

5.1. Sensitivity to regularization parameters 

In the MUA, three regularization parameters( ,  ,   ) are manually selected to trade off 

the original image sparsity (  ), coarse scale sparsity      and multiscale spatial 

information ( ). The determination of the regularization parameters ( , ,  ) greatly 

affects the unmixing performance. The regularization parameters(    ,   ) are 

automatically determined in AMUA.The impact of  ,  , and    on the accuracy of 

unmixing results with DC1 20 and 30 dB by using MUA and AMUA algorithms are 

shown in Figs. 6 and 7, respectively. The 4-D colour-maps illustrate the SRE values 

(corresponding to the bubble colour) at different combinations of  ,   and   . For 

example, in the Fig.7 (a), the bubble A exhibits shallow blue, which denotes the SRE as 

12.321 at a combination of  =0, =1000 and   =0. The values of the regularization 

parameters are searched within {0,1e-15,1e-13,1e-11,1e-9,1e-7,1e-5, 1e-3 ,1e-1, 1e0, 

1e1 ,1e2 ,1e3}. The sub-figures (a) and (c) in Figs. 6 and 7 illustrate the searching 

details in the MUA (BPT) and MUA (SLIC) algorithms, respectively. The combinations 

of  ,   and    are automatically determined in AMUA algorithms. And the sub-figures 
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(b) and (d) display the performance of the AMUA (BPT) and AMUA (SLIC) 

algorithms, respectively.  

The following conclusions are presented on the basis of Figs. 6 and 7. 

(1) For the MUA, satisfactory accuracy can be achieved by carefully selecting 

appropriate combinations of the regularization parameters. For example, in Fig.6 (a), the 

highest SRE value (approximately 12.627 dB) occurs at   = 1e-3,   = 1 and    1e-1; 

however, poor accuracy, such as the SRE value(-6.50 dB), occurs at improper 

combinations of regularization parameters. The AMUA not only obtains the acceptable 

accuracy, but also avoids searching the regularization parameters manually. 

(2) The optimal regularization parameters vary for different datasets; such a 

variation would be a burden for manually searching the regularization parameters in 

practice. For MUA (SLIC) under DC1 20 dB instance, the highest accuracy can be 

achieved at   = 1e-3,   = 1e2 and   =0.001. However, the highest accuracy under DC2 

30 dB can be obtained in a different combination of   = 1e-4,   = 1e-3 and    = 1000. 

(3) The AMUA algorithm could achieve relatively satisfactory results on test data 

sets by effectively determining regularization parameters adaptively. Figs. 6 and 7 

demonstrate that the bubbles obtained by the AMUA share the same colour as the high 

accuracy bubbles obtained by MUA. 

 

 

Fig. 6. SRE in relation with regularization parameters  ,   and    for DC1 20dB 

(a)                                                                             (b)  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(c)                                                                              (d)  
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5.2. Sensitivity to the noise variance estimated from the HRSI 

The noise variance   
  estimated following the method proposed in reference [43] is a 

crucial parameter in the ADMM and affects the conduct of the unmixing algorithms. 

However, the estimated results are usually unstable. Experiments are performed on the 

data cube DC2 (20 dB), DC2 (30 dB), DC2(40 dB) and the Cuprite to understand the 

effects effectively. The fluctuation of noise (FR) is defined as follows: 

   
       

   
 ,                                                           (14) 

where     represents the true noise variance of the HRSI. VNV denotes the 

estimated noise variance for the HRSI. FR represents the fluctuation degree, which 

ranges within [-1, -0.01, -0.05, -0.1, -0.5, 0, 0.01, 0.05, 0.1, 0.5, 1, 5, 10, 50, 100, 1000 

and 10000]. Different VNV values could be obtained for sensitive experiments by using 

(15), providing the TNV and different FR values. Notably, FR = 0 means that the VNV 

is estimated accurately, which is equal to the truth value. Meanwhile, FR = -1 means the 

VNV = 0. 

               .                                             (15) 

Fig. 7. SRE in relation with regularization parameters  ,   and    for DC2 30dB 

(a)                                                                          (b)  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(c)                                                                            (d)  
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In the AMUA, the different values of the VNV are utilized to obtain different values 

for    
   

 to derive various unmixing results. The relationship curves between SRE and 

the FR are shown in Fig. 8. The horizontal and vertical axis denote FR and SRE , 

respectively. The turquoise and yellow marker denote the SRE obtained with the true 

noise variance. The red and blue markers denote the SRE obtained with fluctuating 

estimated noise variance. From the Fig. 8, the following conclusions can be drawn. 

1. In the absence of noise wi h  R = −1, which is impractical, the unmixing 

accuracy is low (i.e. the SRE falls to 1.667 in Fig. 8(b)).   

2. The small fluctuation of the estimated noise variance cannot affect the 

unmixing performance significantly, such as in Fig. 8(b). In this figure, the 

SRE(SLIC) at location (FR = 0.01) is 17.595, whilst that obtained with the 

true noise is 17.6, demonstrating a difference of 0.005. 

3. The unmixing accuracy decreases with the increase in the fluctuation of the 

VNV. For instance, in Fig. 8(a), the SRE(SLIC) at the location FR = 0 is 

14.488, whilst that at FR = 1000 decreases to 14.327. 

The ground truth for the Cuprite data is not provided. Thus, the true noise variance in 

HRSI is estimated by the method in [43], and the value(TNV) is 7.2659e-06, which is 

regarded as the truth noise variance. Different VNV values are employed in the AMUA 

to generate different abundance maps, as shown in Figs. 9,10 and 11. The abundance 

maps in each subfigure (f) are regarded as the ground truth maps. These maps reveal 

that the accuracy of AMAU is relatively insensitive to the fluctuation of the VNV. For 

example, in Fig. 9, most sub-figures are similar to the ground truth map, except for the 

maps in Figs. 9(a) and 9(h), which are far away with extreme FR values. The FR in Fig. 

9 (a) is -1, which means that the noise variance VNV is 0, namely the HRSI is in the 

absence of noise. For FR in Fig. 9 (h) is 10000, which means that the fluctuation of the 

noise variance is extremely large. 

 

Fig. 8. SRE in relation to noise variance fluctuation for DC2. 

The results generally illustrate the robustness of the AMUA to the small fluctuation 

of the VNV. 
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Fig. 9. The Alunite abundance images considering the noise variance fluctuation. 

 

Fig. 10. The Buddingtonite abundance images considering the noise variance fluctuation 
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Fig. 11. The Chalcedony abundance images considering the noise variance fluctuation. 

5.3. Sensitivity to the variance of the abundance updated at each iteration. 

The detailed process of updating the regularization parameters in AMUA is presented as 

follows: 

          
   
     

   
(where    

   
             , 

  
   

       
   

      
   

(where    
   

       
      ,                          (16) 

        
   
     

   
;  where   

   
             

    . 

The regularization parameters are updated according to      , which is the estimated 

abundance obtained at iteration t.  

For comparison, in the process of solving AMUA,       is replaced with the true 

abundance   denoted as AMUA-GT. That is, the parameters are set as follows:  

          
   
     

   
(where    

   
         , 

  
   

       
   

      
   

(where    
   

       
      , 

        
   
     

   
;  where   

   
         

    .                        (17) 

The abundance images estimated by AMUA, AMUA-GT and other different 

algorithms are shown in Fig. 12 and Fig. 13 ,with subfigure (a) under 20 dB, subfigure 

(b) under 30 dB and subfigure (c) under 40 dB. The corresponding SRE values are also 

listed in Table 5.  

From Fig. 12 and Fig. 13, It can be revealed that the difference between the 

abundances estimated by AMUA-GT and AMUA is insignificant. And the same 

conclusion can be drawn in Table 5. For DC1 with 30 dB instance, the SRE values of 

AMUA-GT (BPT) and AMUA( BPT) are 18.281 and 18.217, respectively. The 

difference is only 0.052. For DC1 with 40 dB instance, the SRE values of AMUA-GT 



 Adaptive Multiscale Sparse Unmixing…           567 

(BPT) and AMUA( BPT) are 21.959 and 21.806, respectively. The tiny difference is 

0.153. For DC2 with 20 dB instance, the SRE values of AMUA-GT (SLIC) and AMUA 

(SLIC) are 14.77 and 14.488, respectively. The difference 0.286 is also very small. So 

the AMUA is insensitive to the variation of the abundance updated at each iteration. 

 

Fig. 12. The first comparison of abundance images estimated by different algorithms 

 

Fig. 13. The second comparison of abundance images estimated by different algorithms 
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Table 5. The comparison of SRE values by different algorithms. 

Algorithms 
 

Data 

DC1 data cube DC2 data cube 

      

 
20 dB 30 dB 40 dB 20 dB 30 dB 40 dB 

MUA(BPT) 13.393 18.257 21.8 13.928 16.963 18.54 

AMUA-GT(BPT) 13.435 18.281 21.959 13.788 16.134 18.68 
AMUA(BPT) 12.715 18.217 21.806 13.554 14.9704 16.32 

MUA(SLIC) 11.346 15.731 22.126 14.757 18.328 20.52 

AMUA-GT(SLIC) 11.380 15.770 22.302 14.774 18.184 22.07 

AMUA(SLIC) 10.530 13.832 20.17 14.488 17.60 20.38 

6. Conclusion 

The efficient AMUA algorithm is proposed in this paper for unmixing hyperspectral 

images, which can be applied to national land resources detection. The AMUA model is 

constructed by applying the MAP to the MUA model. The relationships among 

regularisation parameters, estimated abundances and estimated noise variances are 

explored and applied to ADDM to update the regularisation parameters automatically 

during the optimization process.   

Two simulated hyperspectral datasets and one real HRSI were employed to verify the 

effectiveness and accuracy of the proposed algorithm. All the observations prove that 

the calculation efficiency is markedly improved without manual parameter selection at 

the cost of negligible accuracy. A series of sensitivity experiments were also undertaken 

to demonstrate the robustness of the AMUA algorithm.  

The limitation lies in the fact that the noise in the observed HRSI is assumed as 

independent and identically Gaussian distribution, which is not suitable for many 

practical situations. Therefore, the sparse unmixing for HRSI contaminated with non-

Gaussian noise will be studied in the future.  

References 

1. Zhang T., H u  ., Zh u T., Liu Z., Cheng W., and Cheng Y.,“Land-use classification via 

ensemble dropout information discriminative extreme learning machine based on deep 

convolution feature,”C mpu e  Science and  nf  mation Systems., vol. 17, no.2, pp.427-

443,2020. 

2. Liu H., Li C., and Xu L.,“Dimensi n Reduc i n and Classifica i n  f Hype spec  al  mages 

based on Neural Network Sensitivity Analysis and Multi-ins ance Lea ning,”C mpu e  

Science and Information Systems . , vol. 16, no.2, pp.443-468,2019. 

3. Cheng, R., Yu, W., Song, Y., Chen, D., Ma, X. and Cheng, Y. Intelligent Safe Driving 

Methods Based on Hybrid Automata and Ensemble CART Algorithms for Multihigh-Speed 

Trains[J]. IEEE Transactions on Cybernetics,vol. 49, no.10, pp. 3816-3826,2019.  

4. Liu, G., Chen, X., Zhou, R., Xu, S., Chen, Y.C. and Chen, G. Social learning discrete 

Particle Swarm Optimization based two-stage X-routing for IC design under Intelligent Edge 

Computing architecture[J]. Applied Soft Computing. 10, 10721,2021 

5. Liu, G., Zhang, X., Guo, W., Huang, X., Liu, W., Chao, K. and Wang, T. Timing-Aware 

Layer Assignment for Advanced Process Technologies Considering Via Pillars. IEEE 



 Adaptive Multiscale Sparse Unmixing…           569 

Transactions on Computer-Aided Design of Integrated Circuits and Systems, vol. 41, no.6, 

pp. 1957-1970,2022.  

6. Cheng, H., Wu, L., Li, R., Huang, F., Tu, C. and Yu, Z. Data recovery in wireless sensor 

networks based on attribute correlation and extremely randomized trees [J]. Journal of 

Ambient Intelligence and Humanized Computing, vol. 12, no.1, pp245-259,2021. 

7. Liu, G., Zhu, Y., Xu, S., Chen, Y.C. and Tang H. PSO-Based Power-Driven X-Routing 

Algorithm in Semiconductor Design for Predictive Intelligence of IoT Applications. Applied 

Soft Computing, 114: 108-114,2022. 

8. Li F. “L w-Rank and Spectral-Spatial Sparse Unmixing for Hyperspectral Remote Sensing 

 mage y,” Wi eless C mmunica i ns and   bile C mpu ing., v l. 2021, n .1, pp.1-14, 

2021. 

9. Yu, Z., Zheng, X., Huang, F., Guo, W., Sun, L. and Yu, Z. A framework based on sparse 

representation model for time series prediction in smart city[J]. Frontiers of Computer 

Science, 15(1): 1-13,2021. 

10. Lu, Z., Liu, G. and Wang, S. Sparse neighbor constrained co-clustering via category 

consistency learning [J]. Knowledge-Based Systems, 201, 105987,2020.  

11. Shen, S., Yang, Y. and Liu, X. Toward data privacy preservation with ciphertext update and 

key rotation for IoT [J]. Concurrency and Computation: Practice and Experience, e6729. 

https://doi.org/10.1002/cpe.6729,2021. 

12. Wang, Le e  al., “A su vey  f me h ds inc  p  a ing spa ial inf  ma i n in image 

classifica i n and spec  al unmi ing,”  n e na i nal J u nal  f Rem  e Sensing., v l. 37, 

no.16, pp.3870-3910, 2016.  

13.  eng, Ruyi e  al., “R lling guidance based scale-aware spatial sparse unmixing for 

hype spec  al  em  e sensing image y,” Rem  e Sensing., v l.9, n . 12 , pp.1218-1221, 

2017.  

14. Shi, Zhenwei e  al., “C llab  a ive Spa se Hype spec  al Unmi ing Using $ l_ {0} $ N  m,” 

IEEE Transactions on Geoscience and Remote Sensing., vol. 56, no. 9, pp.5495-5508, 2018. 

15. Ertürk,  Alp, Marian-Daniel    dache, and An  ni  Plaza, “Spa se unmi ing-based change 

de ec i n f   mul i emp  al hype spec  al images,”  EEE J u nal  f Selec ed T pics in 

Applied Earth Observations and Remote Sensing., vol. 9, no.2, pp.708-719, 2015 

16. Qi, Lin e  al., “Regi n-Based Multiview Sparse Hyperspectral Unmixing Incorporating 

Spec  al Lib a y,”  EEE Ge science and Rem  e Sensing Le  e s., v l. 7, n .16, pp.1140-

1144, 2019. 

17. Palss n, Bu kni e  al., “Hype spec  al unmi ing using a neu al ne w  k au  enc de ,”  EEE 

Access., vol.6, pp.25646-25656, 2018. 

18. Dai, Y., Wang, S., Chen, X., Xu, C. and Guo, W..Generative adversarial networks based on 

Wasserstein distance for knowledge graph embeddings[J]. Knowledge-Based Systems, 190: 

105165,2020. 

19. Li, X. Y., Lin, W., Liu, X., Lin, C., Pai, K. and Chang, J. Completely Independent Spanning 

Trees on BCCC Data Center Networks with an Application to Fault-Tolerant Routing[J]. 

IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS, vol.33, no.8 

pp. 1939-1952,2022. 

20. Iordache, Marian-Daniel, José M. Bioucas-Dias, and An  ni  Plaza, “Spa se unmi ing  f 

hype spec  al da a,”  EEE T ansac i ns  n Ge science and Rem  e Sensing., v l.49, n .6, 

pp.2014-2039,2011. 

21. Iordache, Marian-Daniel, José M. Bioucas-Dias, and An  ni  Plaza.“T  al va ia i n spa ial 

 egula iza i n f   spa se hype spec  al unmi ing,”  EEE T ansac i ns  n Ge science and 

Remote Sensing., vol. 50, no.11, pp.4484-4502, 2012. 

22. Zhang, Sha quan e  al. “Spec  al–spatial weighted sparse regression for hyperspectral image 

unmi ing,”  EEE T ansac i ns  n Ge science and Rem  e Sensing., v l.56, n .6, pp.3265-

3276,2018. 



570            Yalan Li et al. 

23. B  s i, Rica d  Augus   e  al. “A  as   ul iscale Spa ial Regularization for Sparse 

Hype spec  al Unmi ing,”  EEE Ge science and Rem  e Sensing Le  e s., v l.4, n .16, 

pp.598-602,2018. 

24. Cheng, Y., Jiang, H., Wang, F., Hua, Y., Feng, D., Guo, W. and Wu, Y. Using High-

Bandwidth Networks Efficiently for Fast Graph Computation [J]. IEEE Transactions on 

Parallel and Distributed Systems, vol.30, no.5, pp. 1170-1183,2019.  

25. Wang, S., Wang, Z., Lim, K. L., Xiao, G. and Guo, W. Seeded random walk for multi-view 

semi-supervised classification [J]. Knowledge-Based Systems, 222:107016, 2021.  

26. Zhang, H., Li, J. L., Liu, X. M. and Chen, D. Multi-dimensional feature fusion and stacking 

ensemble mechanism for network intrusion detection [J]. Future Generation Computer 

Systems, 122: 130-143,2021.  

27. Zhang, Y., Lu, Z. and Wang, S. Unsupervised feature selection via transformed auto-

encoder[J]. Knowledge-Based Systems, 215: 106748,2021 . 

28. Fu, Y. G., Ye, J. F., Yin, Z. F., Chen, L., Wang, Y. and Liu, G. Construction of EBRB 

classifier for imbalanced data based on Fuzzy C-Means clustering[J]. Knowledge-Based 

Systems, 234: 107590,2021.  

29. A  idge, Sim n e  al. “S lving inve se p  blems using da a-d iven m dels,” Ac a Nume ica., 

vol. 28, pp. 1-174, 2019. 

30. Ren, D ngwei e  al. “Simul ane us  ideli y and Regula iza i n Learning for Image 

Res   a i n”., a Xiv p ep in  a Xiv:1804.04522 , 2018.  

31. Ca , Chunh ng e  al. “Hype spec  al  mage Den ising via Subspace-Based Nonlocal Low-

Rank and Spa se  ac   iza i n,”  EEE J u nal  f Selec ed T pics in Applied Ea  h 

Observations and Remote Sensing., vol.3, no.12, pp. 973-988,2019. 

32. Fu, Y. G., Zhuang, J. H., Chen, Y. P., Guo, L. and Wang, Y. A framework for optimizing 

extended belief rule base systems with improved Ball trees [J]. Knowledge-Based Systems, 

210: 106484,2020. 

33. Liu, G., Chen, Z., Zhuang, Z., Guo, W. and Chen, G. A unified algorithm based on HTS and 

self-adapting PSO for the construction of octagonal and rectilinear SMT[J]. Soft Computing, 

vol.24, no.6, pp.3943-3961,2020. 

34. Liu, N., Pan, J. Sun, C., Ch, Su. An efficient surrogate-assisted quasi-affine transformation 

evolutionary algorithm for expensive optimization problems [J]. Knowledge-Based Systems, 

209: 106418,2020. 

35. Huang, Zhen e  al. “ a imum a p s e i  i adap a i n  f ne w  k pa ame e s in deep 

m dels,” C nfe ence  f  he  n e na i nal Speech C mmunica i n Ass cia i n,  SCA, 

September 6-10, 2015, Dresden, Germany, pp. 1076-1080,2015. 

36. Pereyra, M. . "Revisiting Maximum-A-Posteriori Estimation in Log-Concave Models." 

SIAM Journal on Imaging Sciences., vol. 12, no.1, pp.650-670,2019. 

37.  eng, Ruyi, Yanfei Zh ng, and Liangpei Zhang. “Adap ive spa ial  egula iza i n spa se 

unmi ing s  a egy based  n j in   AP f   hype spec  al  em  e sensing image y,”   EEE 

Journal of Selected Topics in Applied Earth Observations and Remote Sensing., vol.9, no.12, 

pp. 5791-5805,2016. 

38. Chen, N. N., Gong, X. T., Wang, Y. M., Zhang, C. Y. and Fu, Y. G. Random clustering 

forest for extended belief rule-based system [J]. Soft Computing, vol.25, no.6, pp.4609-

4619,2021.  

39. Fu, Y. G., Huang, H. Y., Guan. Y., Wang, Y., Liu, W. and Fang, W. EBRB cascade 

classifier for imbalanced data via rule weight updating [J]. Knowledge-Based Systems, 223: 

107010,2021.. 

40. Guo, L., Li, M. and Xu, D. Efficient Approximation Algorithms for Maximum Coverage 

with Group Budget Constraints [J]. Theoretical Computer Science, 788:53-65,2019.  

41. Li H. , Lin Z. . “Accele a ed Al e na ing Di ec i n  e h d  f  ul iplie s: an Op imal 

O(1/K) N ne g dic Analysis”, J u nal  f Scien ific C mpu ing, vol.79, no.2, pp. 671-

699,2019. 



 Adaptive Multiscale Sparse Unmixing…           571 

42. Babacan, S. De in, Rafael   lina, and Aggel s K. Ka saggel s. “Bayesian c mp essive 

sensing using Laplace p i  s,”  EEE T ansac i ns  n image p  cessing., v l.19, n .1, pp.53-

63,2009. 

43. Bioucas-Dias J M, Nascimen   J   P. “Hype spec  al subspace iden ifica i n,”  EEE 

Transactions on Geoscience and Remote Sensing. vol. 46, no.8, pp.2435-2445,2008. 

44.  iguel A e  al. “Hype spec  al image segmen a i n using a new spec  al unmi ing-based 

binary partition tree represen a i n,”   EEE T ansac i ns  n  mage P  cessing.,  v l. 23, 

no.8, pp.3574-3589,2014. 

45. R. Achan a, A. Shaji, K. Smi h, A. Lucchi, P.  ua, and S. Süss  unk, “SL C supe pi els 

compared to state-of-the-a   supe pi el me h ds,”  EEE   ansac i ns  n pa  ern analysis and 

machine intelligence. vol. 34, no.11, pp.2274–2282,2012. 

 

 

Yalan Li received the B.S. degree from Hunan University of Science and Technology, 

Xiangtan, China in 2004 and received the M.S., and Ph.D. degrees in communication 

engineering from Huazhong Normal University, Wuhan, China, in 2007, and 2017, 

respectively. He is currently an Associate Professor with the School of Physics and 

Electronic Electrical Engineering, XiangNan University, Chenzhou, China. His research 

interests include image processing and pattern recognition, etc. 

 

Qian Du received the B.S. degree from Qufu Normal University, Qufu, China in 2004 

and received the B.S., M.S. degrees in communication engineering from Huazhong 

Normal University, Wuhan, China, in 2004. She is currently an Associate Professor 

with the School of Information Science and Engineering, Linyi University, Linyi, 

China. Her research interests include wireless networks algorithm and Internet of 

Things, etc. 

 

Yixuan Li received the B.S. degree in Nankai University Binhai College, Tianjin, 

China, in 2019. He is cu  en ly pu suing  he mas e ’s deg ee wi h  he Sch  l  f 

Information Science and Engineering, Hunan Institute of Science and Technology, 

Yueyang, China. His research interests include UAV-aided communications, intelligent 

reflecting surface and wireless power communication networks. 

 

Wenwu Xie received the B.S., M.S., and Ph.D. degrees in communication engineering 

from Huazhong Normal University, Wuhan, China, in 2004, 2007, and 2017, 

respectively. He is currently an Associate Professor with the School of Information 

Science and Engineering, Hunan Institute of Science and Technology, Yueyang, China. 

His research interests include communication algorithm, such as channel estimation, 

equalizer, encoding/decoding, etc. 

 

Jing Yuan received the Ph.D. degree in Information and Communication Engineering 

in 2019 from Tsinghua University, Beijing, China. She is currently an Associate 

Professor in the Institute of Disaster Prevention. Her current research interests include 

Machine Learning, Hyperspectral Image Unmixing and Sparse Representation. 

 

Shang Lin Li received his doctor degree in Computer Science and Technology from 

Computer and Information Department of Hefei University of Technology in 2017. He 

is currently an associate professor of Computer Application Technology in the 



572            Yalan Li et al. 

Computer Science and Artificial Intelligence department at Xiangnan University. His 

research interests include Computer Graphic, Rapid Modeling and Machine Learning. 

 

Qi Chen received the B.S. degree in control technology and instruments from China 

Jiliang University, Hangzhou,China,in 2002 and received the M.S. and Ph.D. degrees in 

communication engineering from Huazhong Normal University, Wuhan, China, in 

2006, and 2019, respectively. She is also an Associate Professor at the College of 

Computer and Information Engineering of Hubei Normal University, Huangshi, 

China.Her research interets include image processing and computer vision. 

 

 

Received: August 28, 2022, Accepted: December 15, 2022. 

 

 



Computer Science and Information Systems 20(2):573–593 https://doi.org/10.2298/CSIS220715010L 

 

Evaluation of Smart City Construction and Optimization 

of City Brand Model under Neural Networks 

Yingji Li 
1
, Yufeng Qian 

2
, Qiang Li 

3
, and Linna Li

 4*  

1 School of Humanities and Management, Yunnan University of Chinese Medicine,  

650500, Kunming, China 

lyj.123@163.com 
2 School of Science, Hubei University of Technology, Wuhan, 

430068, China 

yfqian@whu.edu.cn 
3 School of Economics and Management, Shanghai Technical Institute of  

Electronics & Information, Shanghai 201411, China 

339865742@qq.com 
4 School of Design, The University of Melbourne, Melbourne,3052, Australia 

linnal@student.unimelb.edu.au 

Abstract. The study aims to avoid the phenomenon that thousand cities seem the 

same in the construction of smart cities and the efforts of all walks of life are 

jointed to implement the construction of smart cities and the creation of city 

brands. First, the basic theory of smart city construction is introduced. Second, the 

restricting and promoting factors influencing smart city construction and 

development are analyzes, and the evaluation system of smart city development is 

established. Then, the model for smart city construction and development based 

on the neural network is implemented. Finally, some domestic cities are selected 

as the dataset to build a training model, and the city brand optimization strategy is 

proposed. On this basis, an evaluation system for smart city development based on 

the intelligent neural network and Grey relational analysis Back Propagation 

Neural Network (GRA-BPNN) is obtained. The entropy weight method (EWM), 

grey relational analysis (GRA) method and the evaluation method based on 

Technique for Order Preference by Similarity to an Ideal Solutionv (TOPSIS) are 

regarded as the members of the control group, and the results of different methods 

for evaluating the development of smart cities are compared. The results show 

that the modeling of smart city construction based on neural networks can help to 

implement an evaluation model for smart city construction and development, and 

it can help evaluate smart city construction and development accurately. And then 

the corresponding strategies are proposed to speed up the construction of smart 

cities with its local characteristics, and then city brands are built. Compared with 

other evaluation algorithms, the performance of the algorithm proposed is better 

and more stable and the evaluation results are more reasonable than those of the 

others, which can prove that the evaluation algorithm is feasible and scientific. 

This study provides a new idea for the application of deep learning to smart city 

construction and city brand building. 

Keywords: Neural network model; Smart city; Construction and development; 

City brand. 
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1. Introduction 

With the progress of urbanization, the demand for economic development, resource 

allocation, and sustainable development of cities becomes higher. At the end of 2019, 

urban population reaches 850 million, and the urbanization rate is over 60%. With the 

increase of the urban population, the need for a higher level of urban management is 

becoming more and more urgent. Therefore, the concept of constructing a smart city 

and a new satellite city in large cities is proposed to solve the problem caused by 

urbanization, and the traditional urban management model needs to be improved [1, 2]. 

There are following studies on the role of smart cities. The construction of smart 

cities or digital cities has a positive effect on improving the traffic conditions in big 

cities, increasing the utilization rate of traffic facilities, speeding up the development 

mode of green cities, promoting scientific governance, changing the old production 

mode of the city, improving the living standard of residents and making the residents 

feel happy [3, 4]. With the accelerating of urbanization, urban development can drive 

regional development in the brand-led competition in the international market. The 

Inter-regional competition has become the competition of comprehensive strength with 

cities as the core, the carrier and the platform. Generally speaking, smart cities can 

improve the happiness of residents and increase the competitiveness of cities. Research 

on the theoretical framework and evaluation methods of smart cities: as an important 

element in urban competition, city brand building gradually becomes a major approach 

to the development of many cities, and city brand building will inevitably become an 

important part of urban development. At present, there is no universally acknowledged 

specific expression of the connotation of urban brand. Different researchers have put 

forward their own theoretical framework and evaluation systems from different aspects, 

and have accordingly selected different research methods. Xiang et al. (2019) pointed 

out that some smart cities have been constructed, but the relevant evaluation system is 

not established. Therefore, according to the concept of smart city construction, the state 

of the current smart city construction is obtained by modeling and calculation [5]. And 

the evaluation index system is constructed. The closest correlation degree of the six 

indexes is discussed, and the key indexes affecting smart city development are analyzed. 

Regarding the development status and existing problems of smart cities, Su et al. (2019) 

argued that smart city construction is an important direction of global urban 

development and reflects the people’s wish for life [6]. The construction of smart city is 

also a long-term task to promote urbanization and urban development. The new 

urbanization takes wisdom, and green ecology as the core, and more and more cities 

plan to construct a city with green ecology, wisdom and wisdom urbanization. 

Landscape pattern optimization is one of the important ways to realize regional 

ecological security. But with the rapid development of urbanization, ecological space 

has been compressed. How to coordinate the contradiction between regional ecological 

security and socio-economic development has become the main problem of land use. 

Ming and Wang (2019) also pointed out that with the growth of urban population, the 

rapid development of smart cities has become the focus of urban regional development 

[7]. They said that smart healthcare is an indispensable part of smart city construction. 

However, the security of data and the timeliness of services are the problems faced by 

the current intelligent medical system. The concept and function of neural network are 

studied as follows. Back Propagation Neural Network (BPNN) is a multilayer 

feedforward neural network developed on the basis of the sensor network, and it is 
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widely used in the Internet field. The classification of BPNN is complex, and BPNN has 

excellent multidimensional function mapping ability. BPNN includes input layers, 

hidden layers and output layers. In essence, the objective function of the  algorithm 

based on BPNN uses the network error square and the gradient descent method to 

calculate the minimum function. Nowadays, neural network technology is widely used 

in all walks of life,attracting wide attention from many experts and scholars. Vekinis 

and Constantoudis (2020) made predictions by using multi-layer neural networks, 

including surface roughness and the geometric shape of a given atomic force 

microscope (AFM) [8]. Dubourg et al. (2019) simulated data by training AFM, and the 

measurements show a good fitting between the training set and the test set. Machine 

learning is used to evaluate the samples and fast and efficient selection is realized, 

reducing the operation cost of AFM measurement [9]. Ostad-Ali-Askari and 

Shayannejad (2021) used artificial neural networks to calculate the drainage spacing 

under unstable conditions in areas with different soil properties and drainage spacing. 

The network designed contains a hidden layer with four neurons, and the drainage 

spacing calculated by the method is consistent with the actual value, and has higher 

accuracy than other methods [10] . In addition, machine learning is also widely used in 

different fields. For example, in the analysis of residential land prices in smart cities, 

four nonlinear machine learning algorithms are used to build a block residential land 

price prediction model, which provides a theoretical basis for in-depth understanding of 

urban residential land prices. In the smart city, the integration of AI and the IoT 

technology is applied to the smart home to realize the construction of the whole house 

smart home system. In the smart city fire safety, the improved naive Bayes algorithm is 

used to improve the sensitivity of fire equipment identification. "Machine learning" can 

be used in urban drainage design to predict hazards. 

It is found that neural network technology is mainly used in the field of natural 

science, and it is less used to research social life and business activities. In order to 

solve the problem of "multiple cities look the same" in the construction of smart cities 

that appeared in many places, people should effectively implement the construction of 

smart cities and the building of city brands. Therefore, the innovation of this study is 

that neural network technology is used to study the optimization of smart city 

construction and city brand building, and a new computer technology is proposed and 

used in the evaluation of city brand construction. The technology provides a new 

perspective for the evaluation of smart city construction and development. In the 

information society, a variety of new computer technologies emerge endlessly, and a 

technology that can be used to evaluate smart city construction is born. Here, the 

relevant theories of urban brand optimization are analyzed and studied, and the factors 

affecting the construction and development of smart cities are analyzed. Then, BPNN is 

introduced to establish the evaluation model of the construction and development of 

smart cities, and the urban brand optimization strategy is proposed to evaluate the 

construction and development of smart cities and optimize the city brand model. The 

establishment of a BPNN model simplifies the manual calculation, and calculates the 

correlation among the indicators of the smart city through the grey relational theory to 

ensure the validity of the assessment of smart city construction. The data output by the 

BPNN algorithm based on grayscale correlation can be more accurate. This study solves 

the problem of evaluating the development potential of smart cities, provides a reliable 

data model for the future development and construction of smart cities, and plays a 
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positive role in improving the development of smart cities and ensuring the ability to 

build smart cities. 

2. Theories of Smart City Construction and Optimization of the 

City Brand Model 

2.1. BPNN 

Neural networks. The biological neural network is used to construct the structure of 

the model based on the artificial neural network (ANN), which is a combination of 

many artificial neurons. ANN can adjust its internal structure with the change of the 

external environment. It can also be used as a modeling tool to characterize and model 

the functional relationship between the input and the output, or to analyze the relations 

between data. The content of the neural network is an algorithm constructed by the logic 

of the external environment or human society. The invention of the neural network is 

inspired by the neural network operation principle of natural biology (human or 

mammals) [11,12]. ANN is an active learning model, which optimizes the model 

according to the statistical results. Its cavities are calculated by statistical laws, and 

many mathematical descriptions in local structural space are obtained. Also, 

mathematical statistics are mainly used for learning and calculation in the field of 

machine perception, as well as for simulating the artificial perception system. Finally, 

ANN obtains the most basic decision and judgment ability. Compared with the 

traditional logic operation model, this self-learning model is promising. Chen (2020) 

studied the application of deep learning to smart city construction [13]. 

ANN does not need to directly reveal the functional relationship between the input, 

the output, and the mathematical equation. It only needs to use its network 

independently to learn the laws and the rules between data. When the input value is 

given, the corresponding output value is obtained. 

BPNN. The BPNN system is an artificial neuron model with a multi-layer network. 

Its basic idea is that the gradient descent method is used to minimize the mean square 

error between the actual output value given by the model and the expected through 

gradient search. Figure 1. shows the topological structure of the BPNN model [14, 15]. 
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Fig. 1. Topological structure of the BPNN model 

The activity of biological neurons is presented by a simple mathematical model. It is 

used to receive the signals transmitted by other multiple neurons, which are aggregated 

into total signals. The total signals are compared with the thresholds. If the threshold is 

greater than the limited, the excitation signal is output. If the threshold is less than the 

limited, the excitation signal is in the inhibitory state. A plane is divided into two parts 

by a straight line, and the three-dimensional space is divided into two parts by the 

delayed plane. A dimension hyperplane n-1 divides the n -dimension space into two 

parts, which belong to different categories. Such classifiers are called neurons. The 

equation used in dividing the plane is as follows: 

          . 
(1) 

The left side of the equation can be greater than zero or less than zero, which 

respectively represents the point on one side or the other side of the line. This equation 

is extended into the dimensional space. The high-dimensional form of the line is called 

a hyperplane. Its equation is as follows: 

                        . 
(2) 

The neuron in the model outputs 1 when   is greater than 0 or less than 0. It is used to 

divide the feature space in half and the two lobes belong to two categories, as shown in 

Figure 2. 

 

Fig. 2. M-P neuron model 

After it is input and learned, the direction of the feature vector is changed. The 

absolute value of the weight is the influence of the input signal on neurons. 

The activation function has six categories: 
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a. Oblique function: when the absolute value of x is less than c c, f(x⁡)=kx+c. When 

x is greater than c, it is equal to T. When x is less than -c, it is equal to -T.  

b. Threshold function: when x is greater than c, f(x)+1; when x is less than -c, it is 

equal to 0. 

c. The expression of the nonlinear function is shown in equation (3): 

     
 

            . 
(3) 

d. The derivative of the Sigmoid function is as follows: 

      
     

         
               . 

(4) 

e. The bipolar Sigmoid function is as follows: 

     
 

              . 
(5) 

f. The derivative of the bipolar Sigmoid function is as follows: 

      
      

         
  

       

 
 . 

(6) 

  represents the weight of each node, and the results of the neural network need to be 

normalized to 0 – 1. When the transmission function is between 0-1, the difference 

between the results is significant. When the transmission function is more than 1, its 

variation will be significantly reduced (derivative or slope is relatively small), which 

has adverse effects on the performance of the BPNN algorithm. The BPNN algorithm 

uses the gradient information of the transmission function between each node during the 

process. If the input value is too high, it will lead to a small gradient value, causing the 

difficulty of adjusting the relationship between the weight and the threshold. 

2.2. Grey relational theory 

Grey relational analysis (GRA). GRA is a multi-factor analysis method that is often 

used in the grey system. For the correlation between the two systems, the degree of the 

correlation varies with time. In the development of the system, the degree of 

synchronous change is high, that is, the degree of the correlation between the two is 

high if the changing trends of the two are consistent. Therefore, the grey relational 

analysis method is based on the similarity or difference of the development trend 

between the two factors, that is, “grey relational degree”, a method of measuring the 

relational degree between factors, and it is generally used to analyze the influence and 

contribution of each factor on the main body under different situations. The grey 

relational method can calculate the development trend of the curve according to its state 

and similarity and determine the consistency between districts and counties [16-18]. 

Grey relational algorithm. The flow chart of the grey relational algorithm is shown in 

Table 1 [19]. 
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Table 1. Flow chart of the grey relational algorithm 

Number Steps  
a Indexes are set as follows: in                                ,   represents the 

number of attributes,    is the weight of the table is the weight value of k indicators,    is 

the characteristic proportion of the weight, and     is the weight. The relationship of these 
factors is shown in equations 7–9. 
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                               (9) 

b If there are    objects,   indexes, and                              , and the best 

scheme is marked as                       , the worst scheme is marked as   
                   , and the weight of   indexes is            . 

c The grey relational coefficient is calculated as follows: 

     
                                

                    
 

 
                                                

                                      
         (10) 

 represents the resolution coefficient, and its range is between 0 and 1. 
d The grey relational degree    is calculated, and the equation is as follows: 

   
 

 
       

                                  (11) 

  represents the number of sequence objects. The larger the value of    is, the greater the 

grey relational degree is.       is the grey relational coefficient. When the value is greater 
than or equal to one-half of the value, the relational effect is obvious. 

e If the optimal sequence    is maximum, the maximum relational sequence is obtained. 

2.3. Evaluation of smart city construction 

Smart cities. A smart city is the advanced form of urban informatization after a digital 

city and it is constructed by the deep integration of informatization, industrialization, 

and urbanization. At present, smart city construction promotes the development of 

connotative urbanization, develops emerging industries, increases new economic growth 

points, upgrades traditional industries, social energy conservation, and emission 

reduction, and the transformation of economic development mode, and seizes the 

opportunity of the industrial revolution in the international competition. 

In 2010, smart city construction is first proposed by a company in the United States. 

The company divides the city and sets up multiple systems with different functions, 

including the municipal system, the traffic system, and the system to expand its 

communication capacity, and the systems for water supply and energy supply. These 

systems do not work alone but cooperate mutually. Under this circumstance, smart city 

construction and development gradually become the focus of the research. Although the 

government has not issued specific documents to support the action, researchers in the 

academic circle have reached a consensus on this issue. Their ideas for smart city 

construction are that a smart city should have following characteristics: (1) the city 

management is smarter; (2) living in the city is more convenient; (3) public information 

is transparent; (4) the utility of resources is reasonable; (5) the ecological environment 

is livable; (6) the city's culture is inclusive of all kinds of non-mainstream ideas and 

lifestyles; (7) the interpersonal relationship of the residents is sincere and public 

services are convenient; (8) the city management is refined; (9) the living environment 

is livable; (10) the infrastructure is intelligent; (11) the network is safe [20, 21]. 
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The proposal of smart city construction is based on cities’ development. Computer 

technology is one of the emerging technologies, such as blockchain technology [22], 

cloud computing technology [23], big data technology [24], IoT (Internet of Things) 

[25], and the mobile wireless network. It can be used to improve the quality of products 

and services, and its application to the intelligent community, intelligent government 

affairs, intelligent education, intelligent management, people's livelihood, intelligent 

medical treatment, and other aspects of city production and life is realized, so that the 

development of all things is achieved and the harmony between the residents and the 

city is promoted, making the city more intelligent with the wisdom of the people there. 

The digital information lays a good foundation for smart city construction and also 

entrusts with the new goal and new development vision in the new era. The 

management of a city is mainly based on computer technology, including IoT, 

blockchain technology, big data technology, and cloud computing technology. Through 

monitoring various aspects of the city, real-time data are obtained and provided for the 

decision-makers and administrative organizations of the city's management, avoiding 

blind decision-making and making city management more automatic and detailed [26]. 

 

Fig. 3. Distribution of pilot smart cities in the provinces of China at the end of November 2018 

Smart city construction in China is supported by the central government and local 

state-owned organizations at all levels. From 2017 to 2018, the state issues a series of 

policies to encourage the development of smart transportation and healthcare based on 

cloud computing and artificial intelligence (AI). For example, in July 2017, the State 

Council issues “Development Planning of New Generation Artificial Intelligence”, 

which points out six key tasks for developing AI in 2030, namely, vigorously 

developing the economy based on AI, improving the research ability of AI, building a 

sound research and production system and a new intelligent society based on AI, 

expanding the application of AI to social life, national defense and military, establishing 

a widely used application system of AI, and planning scientific research based on AI in 

the future [27]. Strengthening the application of AI to production, life, military and 
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other aspects of modern society can provide a good starting point for smart city 

construction. Figure 3 shows the distribution of pilot smart cities in the provinces of 

China at the end of November 2018 [28]. 

The above figure shows the current situations of smart cities in China by the end of 

2018. The deeper the color is, the fewer pilots there are in the province. The survey 

shows that the cities along the southeast coast are the first pilots for reform. There are 

most pilots in Shandong, Jiangsu, and Hunan provinces in China, 30 in Shandong, 28 in 

Jiangsu, and 22 in Hunan [29]. 

Nowadays, smart city construction is extensively carried out, but there also appear 

some problems. First, the understanding of the connotation and development path of 

smart cities has not yet reached a consensus. Second, the connectivity and sharing of 

cross-industrial and cross-sectoral information become difficult, leading to the low 

interoperability between resources and businesses. The reasons may be that some units 

or departments take the public information as a means to charge the application cost 

produced by the implementation of the traditional charging policy, each department has 

its own information system, and the statistical data between the departments are 

inconsistent. Third, the organizations of each country cannot provide data to other 

working organs due to different reasons. It has been several years since the Central 

Committee introduces the concept of the triple play (telephone network, cable 

television, Internet) to the public. The data connectivity among the various working 

bodies is weak and overheating appears in smart city construction. Fourth, local 

governments in some areas are too busy to consider the local financial situation. Fifth, 

Internet construction is not perfect, and there exist hidden dangers in information 

security. In this case, many local governments follow the examples of other successful 

regions, resulting in the phenomenon of “thousands of cities are the same” [30] 

Evaluation index system of smart cities. The evaluation index system of smart 

cities is shown in Table 2 [31, 32]. 

.Table 2. Evaluation index system of smart cities 

Categories of indexes Specific indexes 

Economic development and future 

expectation F 

Per capita GDP (Gross Domestic Product) F1 of the surrounding areas 

Regional real estate investment GDP share F2 

Per capita DI (Disposable Income) F3 of the residents in the city  

City consumer expenditure F4 

Social development and future 
expectations S 

The total regional population at the end of year S1  
Non-public road freight S2  

Non-public highway passenger volume S3 

Public Service Quality and Future 

Development Expectations P 

Per capita housing area P1  

The average number of beds per thousand patients P2  Average green 

area P3  

Per capita collection of public libraries P4 

Technological innovation capability 

and the expectation I 

The proportion of science and technology appropriations to local 

government expenditure I1  
The proportion of research and experimental research development 

funds to local production output I2 

Patent application I3  

Number of universities I4  

Number of college students I5 

Network facility construction E The proportion of infrastructure expenditure to GDP E1  

Thousands of people have network length E2  
Fixed number E3 

Number of mobile phones E4  

Number of network users E5 
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2.4. City brand building 

Basic concept. City brand building is a comprehensive interdisciplinary subject that 

covers multiple disciplines. It takes brand science, urban economics, urban planning, 

advertising and marketing, and development as the core, and covers other disciplines, 

such as aesthetics, manufacturing, and history. Figure 4 shows the disciplines of city 

brand building [33, 34]. 

 

Fig. 4. Disciplines that city brand building covers 

Basic theories of city brand building. Basic theories of city brand building include 

brand marketing theory, sustainable development theory, behavioral geography theory 

and urban planning theory. The core idea of brand marketing theory is to build a city 

brand with local characteristics, improve customers’ loyalty and increase the added 

value of the city brand. Sustainable development theory is the principle of urban brand 

building, that is, it is people-oriented and a harmonious operating framework of 

“natural-economic-social” should be built. And behavioral geography can be a tool to 

help promote urban brand building. The urban planning theory is the basis of 

administrative behavior after urban construction. The city brand building theory is the 

extension of the urban planning theory and it is proposed to provide new ideas and 

perspectives for urban construction and development and enhance urban charm and 

expand the influence of city brands. 

Strategies for city brand building. City brand building includes nine strategies, and 

their relations are shown in Figure 5. 
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Brand building strategy

Strategic 

Planning

Investigation and 

research
City positioning

core value

Targeted market

Visual Identity

Promotion and 

implementation

Planning 

development

Supervision and 

management

 

Fig. 5. Strategies for city brand building 

Figure 5 shows that strategic planning is the first step in the whole process. The 

second step is to do some research. The third step is to excavate various resources of the 

city and find the personality, soul and concept of the city according to the principles of 

uniqueness, exclusiveness and authority. The fourth step is to build core values. The 

fifth step is to determine the target market. The sixth step is making plans for city 

development. The seventh step is determining the identifier. The eighth step is 

implementing the plan. The ninth step is supervising the promotion of a city brand. 

Evaluation methods of city brands. The mainstream evaluation method of a city 

brand is through principal component analysis, which is a multivariate analysis method. 

The method can successfully detect the correlation of indexes and does not need to set 

the weight of the index. Therefore, the method is employed here. 

3. Research Model and the Methodology 

3.1. Experimental Procedure 

In this study, the data of 15 cities including Beijing, Shanghai, Guangzhou, Shenzhen, 

Hangzhou, Nanjing, Changsha, Guizhou, Ningbo, Chongqing, Chengdu, Xi'an, 

Kunming, Zhengzhou and Jilin in 2020 are selected as the samples of this experiment. 

The evaluation model of smart city construction and development is tested 

experimentally. The Changsha city brand data in 2020 is selected as the sample for this 

study. Iteration is performed by software MATLAB (MATrix LABoratory), and a total 

of 20-dimensional vectors are output. The output layer is set to contain 20 nodes, the 

node is set to 1, and the hidden layer neuron range is controlled between 5-7, a total of 3 

neural network structures. 
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Decision tree algorithm process: Let Q_X=(x=1,2,3,….,\|n|) be the proportion of x-

type samples in sample D. When the value of Q_X is smaller, the purity of the D sample 

will be higher, and the Gini(D) will be smaller. The calculation of the information 

entropy Ent(D) and its Gini index Gini(D) is as follows: 

                 
   
    . 

(12) 

             
    

    . 
(13) 

Data sharing is carried out through the code sharing platform GitLab to improve the 

repeatability of experiments. The specific steps are given as follows: (1) Enter the 

GitLab website to register an account. (2) Create a workgroup. (3) Create a GitLab 

project, and fill in the project name and its type, etc. (4) Import SSH Keys to generate 

Key file. (5) Upload the project. 

3.2. GRA-BPNN model 

GRA-BPNN model is realized by combining GRA method with BPNN to evaluate the 

development of smart cities. The implementation of the model based on the original 

GRA requires three steps, as shown in Table 3. 

Table 3. The model added 3 steps based on the original GRA algorithm 

Num

ber 

Steps 

f The sample is expressed as                  , the expected output is                  ,   is 

the number of samples,   is the number of input vectors, and the initial value of the threshold is set. 
g If the output value of each layer is        , and    represent the expected output value of each 

sample, the error between them is calculated.  

h Modify the weight     and threshold    , and the output layers   and   can be calculated by 

equations 12-15. 
 

                                                   (14) 

 

                                                   (15) 

 

                                                    (16) 

 

                                                  (17) 

 

Based on the equations, the weighting coefficients  ,  ,   are improved, and the weighting 
coefficients of the output layer and the hidden layer are adjusted until the error is less than the 

preset error. The training is completed or the next cycle starts until the curve converges, and the 

results are obtained. 

 

The basic structure of the algorithm is shown in Figure 6. 
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Fig. 6. Structure of the GRA-BPNN algorithm 

3.3. GRA-BPNN model 

Sample data. Beijing, Shanghai, Guangzhou, Shenzhen, Hangzhou, Nanjing, 

Changsha, Guizhou, Ningbo, Chongqing, Chengdu, Xi'an, Kunming, Zhengzhou, and 

Jilin are selected as the samples to test the evaluation model for smart city construction 

and development because they are the pilots in the national smart city construction. The 

15 cities are the first cities that are declared as domestic smart cities, in which the 

infrastructures are relatively perfect, the level of economic development is high, and the 

supporting facilities for smart city construction are equipped. The data of the cities 

mainly come from “2020 national economic and social development statistics bulletin”, 

“2020 scientific and technological progress statistical monitoring results and scientific 

and technological statistics bulletin”, “2020 nineteen city financial technology 

investment comparison” and other statistics on the Internet. These smart cities are 

represented by English abbreviations to make the calculation process simple. They are 

represented by City1, City2, City3, City4, City5, City6, City7, City8, City9, City10, 

City11, City12, City13, City14 and City15. The original data of the construction and 

development of 15 smart cities in 2020 are shown in Table 4 below. 

Experimental software. MATLAB is used to output 20-dimensional vectors. The 

output layer contains 20 nodes, and the output layer node is set to 1. The neurons in the 

hidden layer are adjusted from 5 to 7 according to the data, and a total of three 

structures of neural networks  are obtained. 

The entropy weight method (EWM), the grey correlation evaluation analysis method 

mentioned above and the evaluation method based on Technique for Order Preference 

by Similarity to an Ideal Solution ( TOPSIS ) are introduced to verify the performance 

of the GRA-BPNN model proposed. The evaluation results of the four different 

methods of smart city development are compared. 
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