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ABSTRACT: 

 

Despite years of research on natural hazards and efforts to reduce physical and psychological damage, earthquake as a natural 

disaster is catastrophic. Though, human is the main axis in dealing with crisis and vulnerability, and since the space of cities 

encompasses largest population spectrum, managing this space is considered as an essential issue. Accordingly, the vulnerability of 

the City of Sanandaj was defined by environmental, physical and social criteria. In this regard, with the aim of modeling, and 

assessing the risk and vulnerability, the MCDA-ANN hybrid model was introduced as a new method for teaching of learning models. 

In order to determine the final value of each of the criteria, AHP analysis was performed as one of the MCDA methods to solve 

complex and non-structural problems by creating a functional hierarchy, and after that, a training data base for learning ANN was 

created randomly based on the AHP classification map. Then, for modeling, the radial base functional neural network (RBFNN) was 

used as one of the techniques of artificial neural networks. After the modeling, 30% of the points were selected as validation data to 

determine the accuracy of the model. After the implementation of RBFNN model, the area of AUC curve resulted is 0.922, which 

indicates the high accuracy of the model in assessing the risk of an earthquake. The results show high vulnerability in urban areas1 

and 2 and in downtown Sanandaj that in these zones the physical and social factors dramatically affect the vulnerability of these 

areas. 
 

1. Introduction 

One of the main causes of urban vulnerability to earthquakes is 

the lack of control of urban growth, the lack of proper crisis 

management, and the construction of homes in risky places 

(Hashemi M et al., 2017). GIS can provide information about 

the dangers of buildings and critical facilities in the region and 

includes risk assessment programs that allow urban planners to 

simulate disaster scenarios (Z. C. Aye et al., 2016). In order to 

combine various factors and provide classified maps, artificial 

neural network (ANN) is a useful technology for zoning and 

risk assessment based on the training database, which has been 

used in many studies (Bouktif S et al., 2018 & Alizadeh M et 

al., 2018 & Yingying Tian et al., 2018). Artificial neural 

network can approach fixed nonlinear functions by balancing 

the outputs of each of the neurons that with the selection of 

enough neurons, can automatically correct the approximate 

errors (RaheliNamin B., 2018 & Mollalo A et al., 2019). ANN 

needs a training set to be able to accurately assess the 

vulnerability (Pourghasemi H.R et al., 2018). Artificial neural 

network requires standardized factors for learning and modeling 

and the learning process is conducted in a strong and consistent 

manner (Oludare Isaac A et al., 2018 & German I.Parisi et al., 

2019). MCDA is an analytical decision-making tool that can 

select the right alternative (Nenadić, D., 2019). Multi-criteria 

decision analysis (MCDA) is a method used to combine spatial 

data) Morkūnaitė Z et al., 2019). The basis for the risk 

assessment and modeling is the selection of effective layers. For 

this reason, in this research, using the opinions of engineers, 

researchers, previous studies and questionnaires, 13 layers from 

natural, physical and social criteria for modeling earthquake 

hazard in Sanandaj were selected. Therefore, the main objective 

of this study is the zoning and evaluation of physical and social 

vulnerability to earthquakes that using of AHP and RBFNN 

models, one hybrid model has been developed based on 

effective indicators. After editing the layers in the ARC GIS 

software, standardization and paired comparisons were 

performed. Then, using a map resulted from the AHP model 

along with five classes; a database of training site for learning 

the RBFNN model was prepared under supervision. 

 

 

2. Materials and Methods 

2.1 Study area 

 

The study area in this article is Sanandaj city, which located in 

N, 35 ° 18'52 "E 46 ° 59'32" E,in west of Iran and Kurdistan 

Province, with a population of 414069 and an area of 2906.04 

km2,and due to the entity of two main faults, of this city it is at 

risk of earthquake.(Murgante B., 2017). Considering the 

topographical features of the city and its position in the 

mountainous region of Zagros with at an elevation of 1368 to 

1357 m, Sanandaj can be categorized as a mountainous city 

(Ibrahim et al., 2015). Also Sanandaj City has three urban areas, 

that elevation in the north and west of Zone 1 and west and 

southwest of Zone 3 more than other areas. 
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 2.2   Data Acquisition, Classification and Standardization 

 

In this part of the study, using the views of experts, researchers 

and previous studies, 5 natural layers, 6 physical layers and 2 

social layers were selected as layers affecting seismic 

vulnerability. Then all layers were edited, classified and 

standardized according to the conditions of the study area in the 

ArcGIS software. The physical and social layers used in the 

study were prepared through a comprehensive plan of Sanandaj 

(2016) and Population Blocks (2016) ,and the Environmental 

layers were prepared through the DEM 30-meter of the region, 

maps of the Geological Survey & Mineral Explorations of 

Sanandaj.Environmental layers used in research: Distance from 

the waterway network, distance from Fault, Slope, elevation, 

geology and physical layers: construction with quality materials, 

construction without quality materials, building area, distance 

from Communication centers, number of floors, land use and 

social layers of the population and family density, which was 

used with Raster format and a scale of 1: 76,000 and pixel size 

(15m × 15m).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1. Weights for Criteria and Layers based on the AHP model 

Source: 

1. Department of road and Urbanity . http://www.std2800.ir/ 2. DEM 30 m Land sat.  https://www.usgs.gov/                                      

3. Iranian Geological organization. https://gsi.ir/ 4. The municipality of sannadaj city. http://www.e-sanandaj.ir/                                

5. Census Center of Iran .https://www.amar.org.ir/. 
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Criteria            Layers                            Weights         CR       Source                    Scholars 

 

 

 

Distance from the runway 

Geology 

Distance from fault                                             0.00086 

Elevation 

Slope 

Distance from the Road 

Land use 

Building area                                                       0.0088 

Building with quality materials 

Building with no quality materials 

Number of floors 

Population density 

Family density                                                    0.00026 

 

Figure 1. Location of study area  
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Weighing the layers and 

create the matrix of 

comparisons 

f. Building with good Materials 

g. Building with inappropriate Materials 

h. Building Area 

i. Distance from the Street 

j. Number of Floors 

k. Land use  
 

a. Distance from the River 

b. Distance from Fault 

c. Slope 

d. Elevation 

e. Geology 
 

Figure 2. The process of research 

l. Population density  

m. Family density  
 

Earthquake Hazard Modeling Based on MCDM-ANN 

Criteria and layers 

 

Social 

Physical Environmental 

Editing, Classification and Standardization Layers  
Extraction of final weights 

Create base of training site in five classes 

Transferring Layers 

to the IDRISI 

Software 

Training Sample: 

Stratified random 

sampling 70% 

Performance of RBFNN neural network  

Accuracy and validation by 30% of points 

Designation Social and Physical vulnerability 

Conclusion 
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2.3 Artificial Neural Network (ANN)

ANNs are numerical methods of artificial intelligence and their 

performance is the same as the human brain function, which can 

be used as a new technique for prediction and classification 

(Khawaja M et al., 2018).Artificial neural networks include a 

number of neural connections that have two input and output 

layers (Haykin,S., 2009).This computation network is able by 

receiving inputs,to provide accurate output information , for this 

reason in environmental risk assessment (Arabameri et al., 2019 

& Pece V. Gorsevski et al., 2016),therapeutic assessment 

(Shahid N et al., 2019 & Mollalo .A et al., 2019) and etc have 

been used by many scholars as an efficient model.The model 

used in this study is the radial base function neural network 

(RBFNN) and a type of artificial neural network, which are 

used in mathematical modeling of radial primary functions as 

active functions (Li, L et al., 2009). The RBFNN model has 

three layers of input, hidden and output, which nonlinear units 

are directly connected to each node in the input layer (N. S. 

Kumar et al., 2016). In many cases, this model can be used as a 

kernel in support vector classes (VanderPlas, Jake., 2015). The 

RBF neural network is a tridimensional model with optimal 

performance, which during processing of the task of the hidden 

layer, perform nonlinear transformations and the task of the 

output layer is performing linear transformations (Jinchao Li et 

al., 2018). In the other words, converting in the RBF model 

from the input layer to the nonlinear hidden layer and 

converting from the hidden layer to the output layer is linear 

(C.M. Lee., 2009). Also, the infrastructure of this network is 

robust enough to be used in engineering applications without 

any problems (Biancolini., 2018).The RBFNN model has a 

simple structure and easy to learn, which uses the base Gaussian 

radius function to activate the hidden neurons. The Gaussian 

radial base function will be as follows: 

 

 

 

 

Where  𝑥𝑝 = input to the hidden layer 

              𝑐𝑖 = Gaussian function center  

   𝖨𝖨 𝑥𝑝 - 𝑐𝑖 𝖨𝖨 = distance from the entrance to the Gaussian     

function center  

                σ = Gaussian function variance. 

 

Then, for mathematical modeling in "Terrset Geospatial 

Monitoring and modeling system” Software, of the radial base 

functional neural network (RBFNN) was used as a radial base 

function and one of the techniques of artificial neural networks. 

In the present study, the RBFNN is trained using supervised 

learning and during the training, a recursive update method is 

used to evaluate the RBFNN weight. In an RBF network, there 

are two sets of weights, the first weights connect the input layer 

to the hidden, and the other connects the hidden layer to the 

output layer. The weights that are connected to the input layer 

include the parameters of the base functions (Sarimveis, H et 

al., 2006).The output of the network is derived from: (G. 

CORSINI et al., 2003). 

 

 

 

 

 

 

 

 

Figure 3. The Environmental, Physical, and Social layers used in the study. 

𝑅 (𝑥𝑝 − 𝑐𝑖  ) = exp  ( − 
1

2𝜎2  𝖨𝖨 𝑥𝑝 - 𝑐𝑖  𝖨𝖨2 )                         (1) Figure 4. Architecture of a radial basis function network 
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Where     𝑘 = number of radial base functions 

                𝑥 = the input vector 

             𝑤𝑛𝑖 = represents the relationship between the base    

function and the output layer 

              𝜑1 = radial basis function  

 

2.4   Application of AHP in this study 

                        

The AHP model was originally proposed by Thomas L. Saaty 

and One of MCDM’s methods for solving complex and non-

structural problems is by creating a functional hierarchy (T.L. 

Saaty., 1988). The AHP model is a common method for 

combining the factors, weight extraction and alternative 

decisions (P. Arulbalaji et al., 2019). In the present study, 

13layers were selected. The layers are weighted according to the 

scale of relative importance of 1 to 9 based on the effect in 

Seismic vulnerability. After weighing the layers and creating 

the matrix of paired comparisons, the index of compatibility 

(CR) was obtained through principle Eigen value (λ) and 

integrity index (CI). 

 

 

 

Where      𝑎𝑖𝑗   = number of criteria in each column 

                  Wj  = weight belonging to each criterion  

 

 

 

                                                                                             

Where      n = number of factors used in the analysis and the     

compatibility index is defined by the relation 

 

 

                                                                                            

Where      CI = integrity index 

                 R = Ratio index for values 

 

If the CR value is 0, then there is complete compatibility in the 

comparisons (T.L. Saaty., 1990). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                     3.    Implementing the RBFNN Model 

3.1    Transferring Layers to IDRISI Software 

After selecting the training sites from the layer containing 

the points and the 13 Raster layers, the output was taken 

in ENVI format and for implementing the RBFNN 

model, layers turned into ‘idrisi’ format. Since the input 

layers are classified, the sampling method was selected in 

the implementation of the model as a classification.

  

 

 

 

 

 

 

 

 

Then using the AHP model map in five vulnerability classes                                                                                                              

,very low, Low, moderate, high and very high ,created a                                                                                                                         

database of training site, and in each class,50 point were 

randomly   selected. 

 

 

 

 

𝜆max = ∑ [Wj
n
j=1  ∑ aij

m
i=1 ]          ,          169/13 = 13          (3)                               

𝐶.𝐼 =  
(λmax − n)    

  (n − 1) 
        ,         

(13  − 13)    

 (13 − 13) 
  = 0                        (4) 

 

𝐶.𝑅 = 𝐶𝐼 / 𝑅      , 𝐶.𝑅 = 0                                                     (5)                               

Table 2. Ratio index for values of N 

N 

R.I 

1    2     3        4         5       6         7        8       9      10 

 0    0   0.58   0.90   1.12   1.24   1.32   1.41   1.45   1.49 

Table 3. Comparative matrix of the criteria used in the   

study and the obtained weights.   

Criteria 

Environmental (a) 

Physical (b) 

Social (c)  

 

 
 

(a)       (b)          (c)       Weights  

 

 

1 

0.77 

2.12 

- 

1 

2.76 

- 

- 

1 

0.36 

0.47 

0.17 
Table 4. Input parameters for implementing                              

the RBFNN model 

Parameters Input value 

Band image 

Training site file 

Training sample 

Sampling proportion 

Number of radial basis function 

P nearest neighbors 

Percentage of migrating pixels  

Maximum iterations 

13 

Image 

Random sampling 

70% 

16 

2 

1% 

50 

 

Figure 5. Training sites created via the AHP map 

 

  𝑓𝑛 (𝑥) =  ∑ 𝑤𝑛𝑖
𝑘
𝑖=1  𝜑𝑖  (𝑥) + 𝑤𝑛0                                  (2) 
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3.2   Validation 

In order to validation the result of RBFNN model, the ROC 

curve was used. In this curve, AUC is a measure of the accuracy 

of a seismic vulnerability map, which is value ranges from 0 to 

1. If its value goes to side 1, the precision of the result of the 

model will be greater, and if it reaches 0, accuracy will 

decrease. In this study, the value of the area under the curve 

(AUC) for the RBFNN model is 0.922, which indicates the high 

accuracy of the model. 

 

 

 

 

 

 

 

 

4. Social and Physical vulnerability 

 

Since the main purpose of the study is to assess the social and 

physical vulnerability versus earthquake, in this section through 

seismic vulnerability map and demographic data, by performing 

SPATIAL JOIN and DISSOLVE functions the rate of social 

and physical vulnerability of Sanandaj city in the tables 5 and 6 

is specified. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Seismic Vulnerability Map of Sanandaj City based on the RBFNN models 

 

Arc GIS Software 

Demographic data Vulnerability map 

SPATIAL JOIN Function 

DISSOLVE Function 

Vulnerability map based on Population and Area 

Figure 8. The process of generating vulnerability maps                                                                                                           

based on population blocks 
Figure 7. ROC curve for validation the result                                             

of the RBFNN model. 
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Conclusion 

By observating the result of the AHP-RBFNN hybrid model in 

order to assess the vulnerability of the City of Sanandaj against 

earthquake, it can be concluded that the use of the hierarchical 

analysis process to create training points can have impact on the 

ANN output. By validating 30% of the training points, the ANN 

map shows the social and physical high vulnerability of 

Sanandaj. According to table number (3), 42% of the total urban 

space is located in the middle class vulnerability. However, 

according to the results, the highest level of vulnerability is in 

urban areas 1 and 2 with high population densities and worn-out 

texture, and it is essential to consider the restoration of houses 

in these areas. The results show that multi-dimensional 

vulnerability assessment, according to all available the criteria 

in the city can help planners to take preventive measures to 

reduce their mortality and economic losses. Also, based on the 

validation of the AHP-RBFNN hybrid model with a precision of  

0.922 in the ROC curve, it can be concluded that construction of 

hybrid models based on artificial neural network will increase 

accuracy and can be used as base models for future Studies. 
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