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Abstract: Earthquakes are a natural phenomena, which induce natural hazard that seriously threatens 20 
urban areas, despite significant advances in retrofitting urban buildings and enhancing the knowledge 21 
and ability of experts in natural disaster control. Iran is one of the most seismically active countries in 22 
the world. The purpose of this study was to evaluate and analyze the extent of earthquake 23 
vulnerability in relation to demographic, environmental, and physical criteria. An earthquake risk 24 
assessment (ERA) map was created by using a Fuzzy-Analytic Hierarchy Process coupled with an 25 
Artificial Neural Networks (FAHP-ANN) model generating five vulnerability classes. Combining the 26 
application of a FAHP-ANN with a geographic information system (GIS) enabled to assign weights to 27 
the layers of the earthquake vulnerability criteria. The model was applied to Sanandaj City in Iran, 28 
located in the seismically active Sanandaj-Sirjan zone which is frequently affected by devastating 29 
earthquakes. The Multilayer Perceptron (MLP) model was implemented in the IDRISI software and 30 
250 points were validated for grades 0 and 1. The validation process revealed that the proposed model 31 
can produce an earthquake probability map with an accuracy of 95%. A comparison of the results 32 
attained by using a FAHP, AHP and MLP model shows that the hybrid FAHP-ANN model proved 33 
flexible and reliable when generating the ERA map. The FAHP-ANN model accurately identified the 34 
highest earthquake vulnerability in densely populated areas with dilapidated building infrastructure. 35 
The findings of this study are useful for decision makers with a scientific basis to develop earthquake 36 
risk management strategies. 37 
 38 
Keywords: Earthquake hazard, Vulnerability, Risk assessment, FAHP-ANN, GIS, Iran. 39 

 40 
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1. Introduction 41 

 42 

In the 20th century, earthquake disasters have caused casualties of close to 2 million people worldwide 43 

(Doocy et al., 2013). The purpose of urban planning is to drastically reduce effects caused by natural 44 

disasters and enhance safety (Cruz-Milán et al., 2016). In developing countries however uncontrolled 45 

development, poor planning choices, design issues and structural failure have impeded progress to 46 

equip humanity with measures against the complex challenges posed by earthquakes (Ghafory-47 

Ashtiany, 2009; Xu et al., 2010; Zhang and Jia, 2010). 48 

 49 

Earthquakes have caused considerable economic damage and loss of lives (Guha-Sapir et al., 2011). 50 

In Iran more than one million casualties have been recorded since 1900 (Asef and Kessmati, 2005; 51 

Zebardast, 2013), and more than 180 thousand individuals during the past 5 decades (Omidvar et al., 52 

2012). Iran has one of the worst recorded earthquake vulnerability indices in the world, defined as the 53 

degree of damage inflicted upon a property at risk of earthquakes of different magnitudes (see Barbat 54 

et al., 2010; Coburn and Spence, 2006; Ghajari et al., 2017, 2018; Karashima et al., 2014; Karimzadeh 55 

et al., 2014; Omidvar et al., 2012; Wei et al., 2017).  56 

 57 

Iran suffers from frequent destructive earthquakes due to its location in the active collision zone 58 

between the Eurasian and Arabian plates (Asef, 2008; Aghamohhamdi et al. 2013; Zebardast, 2013) 59 

causing severe damage (Ghodrati -Amiri et al., 2003; Aghamohammadi et al., 2013; Ibrion et al., 60 

2015; Moradi et al., 2015; Ranjbar et al., 2017), as captured in historical records and information from 61 

the earthquake database of the United States Geological Survey (USGS) (Zafarani et al., 2009; 62 

Asadzadeh et al., 2014; Najafi et al., 2015; Bahadori et al., 2017). According to Zamani et al. (2011) 63 

and Panahi et al. (2014), the Iranian plateau with its flanking seismic zones is characterized by 64 

different types of active faults, tectonic domains, recent volcanoes and high surface elevation 65 

following the Alpine Himalaya seismic belt. Forty-six earthquakes occurred here between 1900 and 66 

2014 that directly caused casualties (Berberian, 2005, 2014; the ISC and IGUT databases). 67 

 68 

The development of earthquake risk assessment (ERA) methodologies has been studied extensively 69 

but rarely have measures been studied for ERA in urban zones. Davidson and Shah (1997) for 70 

instance introduced the Earthquake Disaster Risk Index (EDRI) to estimate urban risk, accounting for 71 

seismic hazards and vulnerability. In addition to this holistic approach, there are many other studies 72 

assessing specific aspects of risk using various methods such as social fragility and lack of resilience 73 

in seismic risk in urban areas (Jaramillo et al. (2016). 74 

 75 

So far, researchers have investigated different aspects of ERA at different scales using various 76 

approaches including GIS-based techniques (Rashed and Weeks, 2002; Sun et al., 2008; Alparslan et 77 
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al. 2008; Hashemi and Alesheikh,  2011; Villagra et al. 2014; Rahman et al., 2015; Karimzadeh et al., 78 

2017; Alizadeh et al., 2018 a, b; Ningthoujam and Nanda 2018), high-resolution QuickBird Imagery 79 

(Fu et al., 2007), GIS modelling using satellite remote sensing and digital elevation model (DEM) 80 

data (Liu et al., 2012; Xu, 2015), GIS-based Support vector machine modelling (SVM) (Xu et al., 81 

2012), statistical analysis (Ghassemi, 2016), GIS-based statistical analysis (Hassanzadeh, 2019), 82 

catastrophe progression method (Zhang et al., 2017), Artificial Neural Network (ANN) Models 83 

(Tavakoli and Ghafory-Ashtiany, 1999; Panakkat and Adeli, 2007; Kulachi et al., 2009; Vicente  et al. 84 

2011; Akhoondzadeh, et al., 2019), ANN models integrated with an Analytic Network Process (ANP) 85 

(e.g., Alizadeh et al. 2018a), Analytical Hierarchy Process (AHP) (Bitarafan  et al., 2013; Robat Mili 86 

et al., 2018), an integrated model of AHP in GIS (Bahadori et al., 2017), an integrated ANN–AHP 87 

model (Jena et al., 2019), fuzzy logic techniques (Lamarre & Dong, 1986; Wadia-Fascetti & Gunes, 88 

2000; Ahumada et al., 2015), and fuzzy multi-criteria decision making (FMCDM) (Ranjbar and 89 

Nekooei, 2018). Our study is the first to ask how an integrated FAHP combined with an ANN model 90 

can improve ERA accuracy by generating a classification of vulnerability zones to improve 91 

earthquake vulnerability planning in Iran. 92 

 93 

In the aforementioned studies, ‘expert systems’ have become an important tool for solve complex 94 

problem solving and decision-making. The application of expert systems extends to almost all 95 

engineering fields and uses artificial intelligent theories (e.g., Neural Network, Fuzzy Logic) to 96 

develop expertise and propose conclusions (Jackson, 1998; Liao, 2005). Because of this several 97 

researchers have considered the Fuzzy approach in ERA as effective for spatial decision making (refer 98 

to Sanchez-Silva and Garcia, 2001, Şen, 2010; Ahumada et al., 2015; Hu et al., 2018; Rezaei-Malek et 99 

al., 2019). 100 

 101 

Here we focus, on the case of Sanandaj, the capital city of Kurdistan province in Iran that is located in 102 

a major earthquake zone near the active faults of Sanandaj-Sirjan, Morvarid, and Nahavand, with the 103 

closest fault being only 3 km away from the city. Zagros fault includes numerous cases of active 104 

faulting (refer to Mirzaei et al., 1999; Hessami et al., 2003; Bachmanov et al., 2004). These faults 105 

generate earthquake magnitudes between level 1.6 and 6.9 on the Richter scale (Ghodrati-Amiri et al., 106 

2009). Estimating the seismic site amplification of Sanandaj is required to predict the likelihood of 107 

future earthquakes (Mohajjel and Fergusson, 2000; Allen et al., 2011), and so is calculating its 108 

vulnerability and earthquake-related risks (Azami et al., 2015; Karimi and Boussauw, 2018). 109 

 110 

The remainder of this paper is organized as follows: The above-mentioned contributions to knowledge 111 

and justification of the study are highlighted by conducting a comprehensive literature review in 112 

Section 2. An overview of the research methodology is presented in Sections 3. Section 4 provides the 113 

results. Finally, Section 5 presents the discussion, conclusions and future research directions. 114 
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2. Background and related works on ERA 115 

 116 
In this section, we give a brief overview of fuzzy methods, multi-criteria decision making (MCDM) 117 

approaches and algorithms that have been applied for ERA. To better control results of vulnerability 118 

evaluations and parameters, researchers proposed MCDM (e.g., Samadi Alinia and Delavar, 2011; 119 

Moradi et al., 2015; Peng, 2015; Bahadori et al., 2017). The FAHP-ANN model is a specific type of 120 

MCDM approach that has not yet been comprehensively applied in urban vulnerability assessments 121 

for earthquakes. Studies in related fields however are summarized as follows. 122 

 123 

Many researchers have integrated MCDM approaches in GIS environments as effective tools for 124 

spatial decision making around earthquake hazards (Erden and Karaman, 2012; Feizizadeh and 125 

Blaschke, 2012; Karimzadeh et al., 2014; Delavar et al., 2015; Rezaie and Panahi, 2015; Feizizadeh 126 

and Kienberger, 2017; Sánchez-Lozano et al., 2017; Hooshangi and Alesheikh, 2018; Nyimbili  et al., 127 

2018; Skilodimou, et al., 2019; Nazmfar, 2019). 128 

 129 

Ranjbar and Nekooie (2018) recently adopted the improved fuzzy multi criteria decision-making 130 

(FMCDM) approach in a GIS environment to identify buildings endangered by earthquakes. They 131 

focussed on detecting buildings prone to earthquakes in Tehran, one of the most vulnerable seismic 132 

regions in Iran (JICA, 2000). Seismic vulnerability assessments are highly important for earthquake 133 

risk mitigation programmes. A similar study was conducted by Ningthoujam and Nanda (2018) who 134 

used a GIS system to perform an Earthquake Vulnerability Assessment of buildings in Imphal city, 135 

India. The authors used the GIS platform to generate and display various thematic maps. Their study 136 

identified areas under risk of great damage to structure and human beings in the case of an earthquake 137 

to inform local disaster management plans. 138 

 139 

The advantage of using ANN in the FAHP-ANN model is that it can describe nonlinear and complex 140 

interactions among system variables and work with imprecise data. These strengths of an ANN are 141 

emerging as a powerful tool for modelling (Ramakrishnan et al., 2008). ANN can generate easy-to-142 

use models that are accurate even for complex natural systems with large inputs (Jahnavi, 2017). It 143 

thereby allows generating computational models to evaluate earthquake vulnerability accounting for 144 

uncertainty, which is an inherent property of the ‘earthquake phenomena’ (Tavakoli and Ghafory-145 

Ashtiany, 1999; Vicente et al. 2011).  146 

In order to determine the need for an in-depth investigation of earthquake vulnerability scenarios in 147 

urban areas, Alizadeh et al. (2018a) identified and evaluated quantitative earthquake vulnerability 148 

indicators for generating a vulnerability map by constructing Artificial Neural Network (ANN) and 149 

Analytic Network Process (ANP) models. Bahadori et al. (2017) researched ERA, disaster 150 

management and seismic vulnerability assessments, while Robat Mili et al. (2018) considered AHP 151 

https://scholar.google.com/citations?user=KlFjZgwAAAAJ&hl=en&oi=sra
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utilizing GIS as an integrated model to estimate the safety of urban building materials and residential 152 

buildings with earthquake risk mitigation and disaster risk reduction in mind. The results depict the 153 

safety level of different urban zones depending on their hazards and earthquake vulnerability. 154 

 155 
Although recent works propose a large variety of indicators to measure ERA relating to demographic, 156 

environmental, physical, and economic dimensions of a city (refer to Ainuddin and Routray, 2012; 157 

Villagra et al., 2014; González et al., 2018; Atrachali et al., 2019), this is an ongoing task. 158 

Recommendations depend on the methodology and the different scales of the study (Zhou et al., 159 

2010). Amini-Hosseini et al. (2009) for instance recommended using socio-economic and physical 160 

parameters to quantify the seismic vulnerability of Tehran, Iran. Notably, in that case effective 161 

parameters of the model and their weights were constructed by accounting for local conditions and 162 

judgments by Iranian experts (Robat Mili et al., 2018). Bahadori et al. (2017) considered physical, 163 

social, and economic aspects for vulnerability assessments and earthquake hazard assessments (EHA). 164 

 165 

Karimzadeh et al. (2017) used a GIS-based hybrid site condition map to assess earthquake building 166 

damage in Iran. They identified a hybrid model (the Karmania Hazard Model) using the single 167 

parameter of earthquake wave velocity. For the top 30 m (Vs30) this gives a better estimation than a 168 

topography-based model. Novel GIS-based approaches to earthquake damage zone modelling using 169 

satellite remote sensing and DEM data have been addressed by Liu et al. (2012) for Wenchuan 170 

County in the Sichuan Province, China. The resulting earthquake damage map revealed potential for 171 

current and future damage (hazard). 172 

 173 

Hassanzadeh et al. (2013) modelled earthquake scenarios interactively by focusing on the Karmania 174 

Hazard Model. This model has been applied to Kerman City, South East of Iran. The authors found 175 

GIS-based scenario development useful for earthquake disaster management during all stages of an 176 

earthquake, namely, before, during and after the occurrence. Rahman et al. (2015) addressed 177 

vulnerability to earthquakes and fire hazards using GIS for Dhaka city, Bangladesh. The major 178 

finding was that vulnerability assessments of earthquakes and fire hazards corresponded well with 179 

social aspects of vulnerability. 180 

 181 

Alizadeh et al. (2018a) developed a Hybrid Analytic Network Process and Artificial Neural Network 182 

(ANP-ANN) Model on urban earthquake vulnerability in a case study in Tabriz city, Iran. The study 183 

identified the most vulnerable zones which are clustered in several zones in Tabriz. More recently, 184 

Jena et al. (2019) assessed environmental indicators, seismic indicators and vulnerability indicators 185 

for constructing an ERA map. An integrated model using ANN–AHP is developed for constructing 186 

the ERA map in Banda Aceh, Indonesia. The proposed hybrid model was adopted to evaluate urban 187 

population risk due to impending earthquakes. 188 

https://www.sciencedirect.com/science/article/pii/S2212420918315115#!
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 189 

Aghataher et al. (2005) noted some important spatial factors affecting vulnerability to earthquakes; in 190 

particular physical vulnerability of urban structures and facilities, and they identified the most 191 

vulnerable areas of Tehran, Iran using a fuzzy-AHP model to specify layer weights through a pairwise 192 

comparison. In a similar study, Silavi et al. (2006) the shortcomings of the fuzzy-AHP model were 193 

overcome by adopting intuitionist fuzzy logic when determining vulnerability, which takes the 194 

indeterminacy of membership functions into account. They also discussed mortality rates of humans 195 

to describe their vulnerability to earthquakes. 196 

 197 

The use of fuzzy logic algebra in structural damage estimation was advocated, in particular because 198 

expert opinion can easily be integrated into this technique (Fischer et al., 2002). Allali et al. (2018) 199 

argued for a methodology based on fuzzy logic for post-earthquake assessments of building damage 200 

to correctly predict level of damage. Rezaei-Malek et al. (2019) introduced a study for prioritizing 201 

management for disaster-prone areas to prepare for large-scale earthquakes. There, the fuzzy 202 

DEMATEL was applied to specify interrelationships between influential factors, and the weights of 203 

factors were determined through fuzzy ANP. The model aimed to identify special points of demand 204 

that need to be prioritized in case of large-scale earthquakes. An integrated approach of the ANN and 205 

fuzzy model was developed by Nazmfar (2019), to evaluate urban vulnerability to earthquakes with 206 

the aim to construct a vulnerability map as a means to improve safety and to reduce casualties in 207 

Tehran, Iran. 208 

 209 

Our literature review revealed that in spite of the numerous ERA studies; there is a clear gap on 210 

choosing the best parameters for a comprehensive ERA. To address this issue, the potential of FAHP-211 

ANN models needs to be explored for selecting appropriate ERA measures, which is our focus. 212 

Sspecifically , Specifically, in this research we develop a hybrid FAHP-ANN model using GIS 213 

techniques to improve the ERA. This study also extends our perspectives on ERA by including expert 214 

knowledge on the vulnerability of a specific locale as an important reference when constructing 215 

vulnerability maps. To date, there has been little discussion about considering a combination of three 216 

key parameter groups, namely demography, environmental, and physical parameters for an ERA. In 217 

fact, no previous studies have considered these parameters together when building FAHP-ANN 218 

models. Here, we will also fill this gap. 219 

 220 

Generally, this study makes two contributions. First and foremost, it developed a model of ERA in 221 

which critical factors (CFs) were categorized along demography, environmental, and physical 222 

dimensions. Next, it determined the earthquake vulnerability factors of ERA in Sanandaj, Iran, and 223 

revealed their level of importance using FAHP-ANN coupled with GIS analysis. This is the first time 224 

a comprehensive model has been developed for Sanandaj in a detailed ERA. Our ultimate purpose is 225 
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to provide the necessary background to fully convey the requirements of these techniques and to 226 

introduce a flow diagram that outlines the fundamental steps involved in creating the FAHP-ANN 227 

model. 228 

 229 

We propose this approach because we see the following advantages of our technique for ERA and 230 

parameter selection: 231 

 232 

• Applying an FAHP model creates a suitable training database for the Artificial Neural 233 
Network (ANN). The major potential of ANN as a non-linear computational model lies in the 234 
high-speed processing achieved through a massive parallel implementation (Izeboudjen et al. 235 
2014) akin to the structure and function of the human nervous system (Su et al., 2017; Luo et 236 
al., 2019). 237 
 238 

• The proposed hybrid approach allows selecting a set of key factors affecting social, 239 
environmental, and physical criteria prior to ERA in accordance with experts’ opinions and 240 
then sets a weight for each criterion based on its significance. 241 
 242 

• A set of key factors affecting demography, environmental, and physical criteria prior to ERA 243 
and in accordance with experts’ opinions is applied based on their significance (Achu et al., 244 
2020). 245 
 246 

• Selecting suitable training sites is complex but made possible by creating a new FAHP-ANN 247 
model for the ERA while adequately considering all the relationships among the critical 248 
criteria. 249 
 250 

• The utility of the methodology is demonstrated by providing a real case study that shows its 251 
positive management implications on an applied ERA problem. 252 
 253 

• The application of our technique enables to reduce the impact of an earthquake by identifying 254 
categories of the most vulnerable zones. It allows prioritizing ERA for regional-scale 255 
earthquakes in the pre-disaster phase. 256 
 257 

• Overall, the proposed approach underpins the vital role of ERA and considers the 258 
interrelationships among criteria. 259 
 260 
 261 

For the Iranian case study context in particular, the combination of these techniques can accurately 262 

determine vulnerability zones and improve building an Earthquake Vulnerability Map (EVM). The 263 

GIS platform itself was used to classify risk by zones which will aid disaster management 264 

(Lepuschitz, 2015; Cai et al., 2019). 265 

 266 

3. Methods 267 
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3.1 Study area 268 

 269 

The region of Kurdistan in the west of Iran has experienced several majorly destructive earthquakes 270 

(Shabani and Mirzaei, 2007; Ghodrati-Amiri et al., 2009). Sanandaj City in the southern centre of the 271 

Kurdistan Province is surrounded by the Zagros Mountains. The city is located in the structural zone 272 

of Sanandaj-Sirjan and is exposed to earthquakes along the crossings of the Zagros and Marivan-273 

Sirjan faults. (see Fig. 1). The historical earthquake recordings on the Surface-wave magnitude scale 274 

(MS) collected in the surrounding area of Sanandaj up till 2014 are shown in Fig 1. 275 

  276 

 277 

Caption 1: 278 

Please insert Figure 1 here: 279 

 280 

The study area is a watershed located in Kurdistan Province, Iran (see Fig. 2). The watershed lies 281 

between 46° 59′ 32″ E longitude and 35° 18′ 52″ N latitude (Asadi, 2019) and covers an area of 2 906 282 

km2 or 10.3% of the province with a population of, 414 069 (Statistical Center of Iran, 2017; 283 

Murgante, 2017). Its elevation varies between 1368 m and 1720 m above sea level. Slope degree 284 

ranges from 0 to 50%. 285 

Caption 2: 286 

Please insert Figure 2 here: 287 

 288 

 289 

 290 

3.2 Applied FAHP-ANN proposed model for ERA 291 

 292 

The FAHP method allows determining weightings for the evaluation criteria identified by experts in 293 

the field. Mikhailov and Tsvetinov (2004) focussed on the constraints that have to be considered 294 

within the FAHP.  FAHP represents reality more so than AHP (Khashei-Siuki et al., 2020). 295 

 296 

The ANN is a computational model that captures non-linear associations among variables in input and 297 

output datasets. It relies on a learning route of training and calibration, and estimates values for output 298 

variables from input data (Antanasijevi´c et al., 2013; Nedic et al., 2014). 299 

 300 

https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S2352801X1930339X#bib20
https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S2352801X1930339X#!
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Our literature review confirmed that there is no study that uses FAHP-ANN for a performance 301 

assessment of an ERA and the effect of 11 13 critical factors (derived from literature and experts’ 302 

opinion) on the overall performance. 303 

 304 

The key criterion for the selection of our experts was a high-level understanding and overview of the 305 

field. Specifically, the selection of the experts was based on their known (national, regional, 306 

municipal) status in the area of seismology in the Sanandaj district, reflecting their professional 307 

activities on seismology and in risk assessment. 308 

 309 

As mentioned in Table 1, 11 13 indicators associated with ERA in Sanandaj City were presented to 310 

academic staff of the department of geography, geology and urban planning (Kurdistan’s University) 311 

who were chosen as experts for this study. Interviews were conducted face-to-face, via questionnaire, 312 

or by using online video tools (e.g., Skype), or by telephone. The experts were asked to rank the 313 

importance and relevance of the selected earthquake indicators associated with urban vulnerability to 314 

earthquakes affecting Sanandaj City (Kurttila et al., 2000). In total, 45 experts were interviewed to 315 

investigate their opinions regarding key factors that influence earthquake risk. 316 

A model for ERA was developed according to a FAHP-ANN. This section describes the different 317 

components of the proposed model, in particular its architecture. The model consists of two basic 318 

steps combining the FAHP and ANN methodologies. The steps involved in this process are (1) the 319 

data acquisition and the creation of vulnerability classes; (2) transferring of layers to the IDRISI 320 

software, (3) establishing the theoretical background of the methods, (4) FAHP model development, 321 

(5) the ANN implementation for ERA and (6) the application of the results as described below. Fig. 3 322 

presents the methodological flowchart. 323 

 324 
Overall, the development of a hybrid FAHP-ANN model involves a number of stages. The main 325 

flowchart in Fig. 3 shows the series of fundamental steps involved in the ERA. 326 

 327 

 328 

 329 

Caption 3: 330 

Please insert Figure 3 here: 331 

 332 

 333 

 334 

 335 

 336 

 337 
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3.3 Data acquisition and creation of vulnerability classes 338 

For an ERA, data can be retrieved from various sources. Freely available earthquake data can be 339 

collected from several public and private agencies. These sources are accessible from the internet and 340 

include the Advanced National Seismic System, the United States Geological Survey (USGS), and the 341 

Department of Road and Urbanity (Kurdistan Province). Further DEM 30 m Landsat data 342 

(http://www.std2800.ir/); data from the Iranian Geological organization (https://www.usgs.gov/), the 343 

municipality of Sanandaj City (https://gsi.ir; http://www.Sanandaj.ir/), and the Census Center of Iran 344 

(http://www.amar.org.ir/). 345 

To effectively utilize a comprehensive evaluation method for an ERA, it is necessary to incorporate 346 

important vulnerability criteria (Table 1). The study area was classified based on three main criteria 347 

sets to generate five different vulnerability classes by adopting the manual classifier method. For the 348 

classification the following criteria stored in spatial layers were used (Fig. 3): social criteria 349 

demographic data (population density, and family density), environmental data (distance from the 350 

runway, distance from a fault, slope, elevation, geology), and physical data (presence of buildings 351 

with quality materials, buildings with no quality materials, distance from the road network, building 352 

area, number of floors, land use). To calculate distance, a Euclidean function with a cell size of 30 m 353 

(pixel size 30*30) was applied in ArcGIS desktop 10.4. To calculate slope, a Digital Elevation Model 354 

(DEM) (generated from contours on 1:25,000 topographical maps) was used, and the classification 355 

was based on the percentage. Accordingly, all thirteen layers (including both quantitative and 356 

qualitative data) (see Table 1) were converted to a raster format in ArcGIS using the feature-to-raster, 357 

vector-to-raster and/or polygon-to-raster tools. Geographical coordinates of the project area were 358 

set in WGS 84 Datum UTM zone 38 N. 359 

 360 

 361 

Caption 4: 362 

Please insert Table 1 here: 363 

3.4. Transferring Layers to the IDRISI Software 364 

Here, the standardized layers as per previous step were transferred to the IDRISI environment. 365 

Considering the similar extent of all layers was now critical and so a raster calculator was used to 366 

display layers similarly. Using the ENVI format all the maps of identical extents were then entered 367 

into the IDRISI software. 368 

 369 

Since the measurement units and scales of each vulnerability layer were unique, the layer values were 370 

standardized between 0 and 1, by building a matrix of pairwise comparisons based on the maximum 371 

and minimum layers method in IDRISI and by using the MAP Algebra command. Fig. 4 shows the 372 

standardized input layers derived from the GIS procedure. The layers were weighted to acknowledge 373 

http://www.std2800.ir/
https://gsi.ir/
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their relative importance in assessing earthquake hazard vulnerability; namely, as very high, high, 374 

moderate, low or very low. Afterwards, a GIS analysis was undertaken to explore how well the 375 

system performs in terms of zoning for an ERA. 376 

 377 

 378 

 379 

Caption 5: 380 

 Please insert Figure 4 here: 381 

 382 

 383 

3.5. Theoretical background of methods 384 

The AHP model is created by a mathematical language that describes the decision process (Ding, 385 

2018). The AHP method is a reliable technique to determine the weight of criteria in multi-criteria 386 

decision making (Yang and Xu, 2016). The F-AHP model was developed to solve hierarchical 387 

problems (a weakness of the AHP) in which the decision maker can specify preferences about the 388 

importance of each criterion (Yaghoobi, 2018). The purpose of using the AHP model in this study 389 

was to weight the criteria and to map the F-AHP model. 390 

Using ANNs can provide a way to predict the output of input data not used in the modeling process 391 

(Khawaja et al., 2018). The ANN is useful for processing input information of units by considering 392 

weight, threshold and mathematical transfer functions, and processes input units relative to other units 393 

(Gopal, 2016). Therefore, ANN is capable of displaying maps that categorize vulnerability into 394 

individual zones with high potential for forecasting. That makes the ANN successful in describing the 395 

spatial heterogeneity of the earth's surface (Gopal, 2016). We will provide more detail on ANNs in 396 

chapter section 3.7. 397 

Shortcomings of ANNs for creating multi-criteria decision making models (Ebrahimi et al., 2016; 398 

Nallusamy, 2015; Alizadeh, 2018c) are overcome by using a hybrid FAHP-ANN model based on 399 

natural, physical and demographic data relevant for an ERA. 400 

 401 

 402 

 403 

3.6 F-AHP model development 404 

The F-AHP model for MCDM helps evaluating qualitative and quantitative attributes for ranking 405 

alternatives and finding solutions from possible alternatives. Ranking alternatives and defining 406 

https://www.ncbi.nlm.nih.gov/pubmed/?term=Ding%20Z%5BAuthor%5D&cauthor=true&cauthor_uid=30326615
https://onlinelibrary.wiley.com/action/doSearch?ContribAuthorStored=Gopal%2C+Sucharita
https://onlinelibrary.wiley.com/action/doSearch?ContribAuthorStored=Gopal%2C+Sucharita
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weights of criteria is attempted by using crisp numbers based on expert opinions (Singh and 407 

Benyoucef, 2011). However, the issue is that human judgment is imprecise and crisp numbers in this 408 

case are not suitable for ranking alternatives and defining weights of criteria. To manage the 409 

uncertainty of human judgments, the fuzzy set theory was integrated into MCDM which was coined 410 

FMCDM. Here we discuss the theories underpinning fuzzy set theory as deployed in this study. 411 

 412 

Fuzzy MCDM was used primarily as it overcomes some of the uncertainties relating to MCDM. 413 

Uncertainty arises in an MCDM problem around weighting evaluation criteria and subsequently, 414 

around crisp input data for decision making. The first type of uncertainty may arise during decision 415 

making because of the varying interests, expertise and backgrounds of experts (Chen and Chang, 416 

2010). The second type may originate where data are transformed into numerical values. A fuzzy 417 

concept prevents such problems (Jun et al., 2013). 418 

 419 

When applying a fuzzy concept, alternative weight decision making is determined through a set of 420 

numerical calculations.  421 

Alternative weights are calculated only by the information provided in the decision matrix for each 422 

criterion by applying a fuzzy concept. The best alternative is obtained by the affected weight vector in 423 

the decision matrix (Zoraghi et al., 2013).  Then each alternative is calculated by means of a double 424 

comparison matrix, and the relative weight of each element must be multiplied by the high weight 425 

elements to replace the final weight for ranking. A final score will be calculated for each alternative 426 

using the following equation: 427 

 428 

 429 

 430 

 431 
 432 
 433 

Wk is a preference coefficient for the criterion Wi and k is the preference coefficient of subset i and gij 434 

is the score criterion of subset i (Zhang, 2016). 435 

 436 

The λmax must be equal to n so consistency is met (refer to equation 2). Using the Consistency Index 437 

(CI) of the relation enables this computation (Saaty, 1980; Neaupane and Piantanakulchai, 2006; Stein 438 

and Norita, 2009; Zabihi et al., 2015): 439 

 440 

 441 

𝑃𝑃𝑃𝑃 = �.
n

k=1

�Wk   Wi  (gij

m

i=1

) 
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 442 

∁𝐼𝐼 = γ𝑚𝑚𝑚𝑚𝑚𝑚−1
𝑛𝑛−1

          (2) 443 

 444 
 445 

In this way, the inconsistency ratio (CR) of CI is given by:  446 

Where; 447 

 λmax value is an important validating parameter in ANP and is used as a reference index to screen 448 

information by calculating the Consistency Ration (CR) of the estimated vector. Additionally, λmax is 449 

the largest eignvalue of a given matrix. Our study analyzed the information from the experts' through 450 

an eigenvalue method to identify the higher risk factors. RI is the random consistency index, which 451 

depends on the matrix size. The CR should fall below 0.1, (equation 3), indicating that the degree of 452 

consistency of the pairwise comparison matrix is acceptable (Saaty 1980; Chang et al., 2007; Niu et 453 

al., 2019; Kumar et al., 2019). 454 

 455 

𝐶𝐶𝐶𝐶 = 𝐶𝐶𝐶𝐶
𝑅𝑅𝑅𝑅

  If ≤ 0.1  𝐶𝐶𝐶𝐶= 0.0021≤ 0.1    (3) 456 

 457 

 458 

Fuzzy set theory was primarily introduced by Zadeh (1965) to deal with uncertainty due to 459 

imprecision and vagueness (Yuksel and Dagdeviren, 2010). The fuzzy set theory is based on the logic 460 

that the degree of the membership of each element can be calculated in such a way that the 461 

membership degree of each element in the fuzzy set is defined spectrally among the data between [0, 462 

1] (Ayag and Ozdemir, 2009; Biswas, 2018). The basic steps of FAHP can be given as follows:  463 

 464 

Step 1. Choose the linguistic ratings for criteria and alternatives with respect to criteria. In this step, 465 

the importance weights of the evaluation criteria and the ratings of alternatives are considered as 466 

linguistic terms to assess alternatives in a fuzzy environment (for more information refer to Zhang et 467 

al., 2018; Wątróbski et al., 2018). In addition, a fuzzy linguistic set was developed for the risk 468 

assessment of the ERA. The model can transform expert assessments into numerical values through a 469 

triangular fuzzy number. 470 

 471 

The evaluation process involves fuzzy factors, and is therefore referred to as a fuzzy synthetic 472 

evaluation. The key to determining the fuzzy relation is to determine the degree of membership 473 

between each factor. This involves ascertaining the quantitative relationship between the evaluation 474 

https://www.sciencedirect.com/science/article/pii/S0970389618304610#%21
https://www.researchgate.net/profile/Tarun_Biswas4
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factors and therefore the corresponding function to measure the degree of membership is called a 475 

membership function. 476 

 477 

Step 2. Determine the degree of membership and development of the fuzzy evaluation matrix for a 478 

single factor. 479 

 480 

Step 3. Determine the index weight which can be derived from the AHP. The 1–9 scale method 481 

generates a judgement matrix from the 13 selected indicators, as suggested by Saaty (1990). 482 

 483 

Step 4. Comprehensive evaluation. Assume that the number of criteria is n and the count of 484 

alternatives is m, the fuzzy decision matrix of a single factor will be obtained with m rows 485 

and n columns. After constructing the fuzzy decision matrix, the first level of comprehensive 486 

evaluation vectors can be obtained with their corresponding weights. 487 

 488 

Fig. 5 illustrates the triangular phase from the smallest to the most promising value with (a, b, c) and 489 

its membership function (Rodcha et al., 2019). The triangular membership function is used to 490 

demonstrate the relative strength of the fuzzy matrices' elements (Wicaksono et al., 2020). 491 

Additionally, the Triangular Fuzzy Number (TFN) is used, which can handle the fuzziness and 492 

enhance reliability (Wu et al., 2019). Fuzzy decision-making based on fuzzy sets theory is the 493 

technique of choice for decision making problems as human thought is fuzzy. Meanwhile TFN or 494 

fuzzy linguistics have been widely utilized in fuzzy decision-making (Benítez et al., 2007; Cabrerizo 495 

et al., 2009; Chen and Li, 2011). 496 

 497 

 498 

 499 

 500 

 501 

 502 

 503 

 504 

 505 

 506 

 507 

 508 

Caption 6: 509 

Please insert Figure 5 here: 510 

 511  

https://www.tandfonline.com/doi/full/10.1080/19475705.2018.1445664
https://www.mdpi.com/search?authors=Rujee%20Rodcha&orcid=0000-0003-4486-7813
https://www-sciencedirect-com.ezproxy.utm.my/topics/engineering/fuzziness
https://www-sciencedirect-com.ezproxy.utm.my/topics/computer-science/fuzzy-set-theory
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 512 

 513 

 514 

 515 

 516 

 517 

 518 

 519 

 520 

 521 

 522 

 523 

 524 

 525 

 526 

AHP in spite of its popularity and frequent usage in multi criteria decision analysis (MCDA) is not 527 

sufficient to eliminate uncertainty in data (Wątróbski et al., 2018; Rodcha et al., 2019). Crisp pairwise 528 

comparisons in the conventional AHP are insufficient to capture expert judgments adequately (Taha 529 

and Rostam, 2012). Moreover, F-AHP models are more powerful to handle real-world problems 530 

whereas traditional AHP does not handle such problems (Moktadir et al., 2018). 531 

 532 
While conventional AHP is not effective for ambiguous problems, FAHP as an extension of AHP 533 

using fuzzy set theory manages uncertainty and therefore overcomes this limitation. It therefore 534 

addresses the fuzziness of decision makers’ opinions (Nilashi et al., 2016). Chang's extent analysis 535 

method is more suitable for this study (Chang, 1992, 1996) because of its ease of use compared to the 536 

other FAHP approaches. 537 

 538 

 539 

3.7 ANN implementation for ERA 540 

 541 

Artificial Neural Networks (ANN) (Islam et al., 1995; Sözen et al., 2005) computes useful models for 542 

ERA by accounting for the uncertainty inherent to earthquake scenarios. ANN systems process 543 

μ (𝑥𝑥) =  

⎩
⎪⎪
⎨

⎪⎪
⎧

0    𝑥𝑥 < 𝑎𝑎
(𝑥𝑥 − 𝑎𝑎 )
(𝑏𝑏 − 𝑎𝑎 )

  𝑎𝑎 ≤ 𝑥𝑥 ≤ 𝑏𝑏

                  𝑏𝑏 ≤  𝑥𝑥  ≤ 𝑐𝑐
(𝑑𝑑 − 𝑥𝑥)
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   (5) 
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⎪⎪
⎨
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⎧

0   𝑥𝑥 < 𝑎𝑎
(𝑥𝑥 − 𝑎𝑎 )
(𝑏𝑏 − 𝑎𝑎 )

 𝑎𝑎 ≤ 𝑥𝑥 ≤ 𝑏𝑏
.

(𝑐𝑐 − 𝑥𝑥)
(𝑐𝑐 − 𝑏𝑏)  𝑏𝑏 ≤ 𝑥𝑥 ≤ 𝑐𝑐
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information of interconnected units that respond to inputs of weights, thresholds, and mathematical 544 

transfer functions (Islam et al., 1995). ANN also has advantages over statistical methods (Zhang et al. 545 

(1998)). Each unit processes input from other units and passes on the signals. Non-linear modelling 546 

with fast processing and high accuracy can be achieved that way (Pradhan and Lee, 2010a; Yilmaz, 547 

2009, 2010; Dou et al. 2015; Lee et al. 2016), which is useful when analysing big data with many 548 

different alternatives and to examine complicated patterns that cannot be solved otherwise (Sözen et 549 

al., 2005; Sözen, 2009). Furthermore, ANN provides reliably handles noisy, uncertain and incomplete 550 

data (Midilli et al., 2007; Sözen et al., 2007). Therefore, ANN is efficient at producing vulnerability 551 

maps arising from complex interactions with high accuracy. However; it needs training to achieve that 552 

using an appropriate choice of training algorithm parameters and an adequate network architecture 553 

(Safa and Samarasinghe, 2011; Sözen, 2009). These two features of the network are regrettably not 554 

well defined. Trial and error procedures may help (Karapidakis, 2007; Kankal et al., 2011). Still, the 555 

accuracy of the ANN method outcompetes other methods (Lynch et al., 2001). 556 

 557 

ANN units are known as nodes. Information is processed along the network from input to output unit 558 

akin to neural networks (Zamani et al., 2013; Abiodun et al., 2018).  559 

 560 

To determine the ANN model structure the number of layers, nodes in each layer and their 561 

connections need to be known (Maier et al., 2010). The general structures of ANN models is 562 

described in numerous publications (e.g., Hagan et al., 1996; Jiang, 2001) and relies upon ‘training’ 563 

the ANN so that it can precisely predict the system performance under different conditions (Najafi et 564 

al., 2009). The architectures of the ANN models are shown in Fig. 6. 565 

 566 

Caption 7: 567 

 Please insert Figure 6 here: 568 

 569 

 570 

 571 

 572 

 573 

n: the hidden layer occurs at the output of two outputs: 574 

1- Synaptic Weight Summing, which represents system memory. 575 

2- Activation function that calculates the amount of activation of neurons. k output neurons, wki    576 
synaptic weight in terms of input i. 577 

𝑠𝑠𝑠𝑠𝑠𝑠𝑘𝑘 = ∑ wki   
𝑛𝑛
𝑖𝑖=1 xi        

 

out𝑘𝑘   = f (𝑠𝑠𝑠𝑠𝑠𝑠𝑘𝑘)              

(6) 

 

(7) 

 

 

https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S1364815213003198#bib91
https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S0301479713001679#bib12
https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S0301479713001679#bib18
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Finally, it can be noted that ANN converts input information into output (Nedic, 2014). Many 578 

researchers applied the ANN as a powerful tool for analysis in varied contexts, such as for example 579 

traffic noise pollution (e.g., Bravo-Moncayo et al., 2016; Mansourkhaki et al., 2018), landslide 580 

susceptibility (Benchelha et al., 2019; Arabameri et al., 2019), flood forecasting (Kim and Newman, 581 

2019; Goodarzi et al., 2019), and seismic hazard (Sharma and Arora, 2005; Gul and Guneri, 2016; 582 

Plaza et al., 2019; Huang et al., 2019). 583 

Multilayer perceptron (MLP) is flexible, popular, and simple and versatile form of ANN (Ahmed et 584 

al., 2015). MLP can model highly non-linear functions, and when trained, accurately predicts even 585 

using new data. It consists of an input and output layer, and one or more hidden layers (Fig. 7) (Roy et 586 

al., 1993). The hidden layers enhance the network’s ability to model complex functions (Paola and 587 

Schowengerdt, 1995). Each layer consists of neurons that process information independently, and that 588 

are linked to neurons in other layers through the weight. Input (factors) and output (responses) vectors 589 

are influenced by assigning the weight and biased values (Alkhasawneh et al. 2013). 590 

 591 

Adjusting the weights between the neurons without a learning algorithm is difficult. The back-592 

propagation learning algorithm with momentum used in this study reduces the error rate between the 593 

actual output and the neural network output. A feed-forward back-propagating (BP) MLP was used 594 

with a feed-forward phase in which the external input information is propagated forward to calculate 595 

the output information signal, and a backward stage in which modifications to the connection 596 

strengths are accomplished based depending on the observed and computed information signals at the 597 

output units (He et al., 2011). 598 

Caption 8: 599 

Please insert Figure 7 here: 600 

 601 

In MLP models, all the input nodes are in one layer and the hidden layer is distributed as one or more 602 

hidden layers. Fig. 7 shows the general structure of a simple feed-forward network. In order to reduce 603 

the error, the back propagation algorithm will be used in the present study (Salarian et al., 2014). The 604 

output signal is obtained from the following relations: 605 

 606 

 607 

When wi  is a weight vector, the function f (net) is an active transfer function 608 

 609 

0= f (net) = f (∑ 𝑤𝑤𝑖𝑖 𝑛𝑛
𝑗𝑗=1  𝑥𝑥𝑖𝑖 )                  (8) 

 

 net = 𝑤𝑤T x =  w1 x1 +  … . wn xn         (9) 
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 610 

 611 

As such, Where T is a transfer matrix; the output value zero is given by Abraham (2005): 612 
 613 

   614 

 615 

 616 

Where, θ is called the threshold level; and this type of node is called a linear threshold unit. 617 

The weights of criteria derived from the AHP are presented in Table 2. 618 

 619 

Caption 9: 620 

Please insert Table 2 here: 621 

 622 

The MLP in this study was trained with a back-propagation algorithm; the most frequently used 623 

neural network method (Fig. 8). The MLP with the back-propagation algorithm was trained using 624 

exemplary sets of input and output values (Pradhan and Lee 2010b). 625 

 626 

 627 

Caption 10: 628 

Please insert Figure 8 here: 629 
 630 
 631 
 632 
 633 
 634 
 635 
 636 
 637 
 638 
 639 
3.7.1 Neural network training and testing 640 
 641 
A “training set” and a “test set” are required to establish the ANN architecture. To develop possible 642 

network weights, the former is applied so the performance of the trained network can be properly 643 

ascertained. Data need to be prepared to create an accurate probability map. The selection of 644 

acceptable criteria is critical for this (Nedic et al., 2014; Alizadeh et al., 2018a). We used complete 645 

earthquake data from the USGS site across various magnitudes for this purpose. However, even a 646 

(10) 

 

 

0= f (net) =                                        
1  if   wT X      

0   other wise 
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great amount of data may be insufficient for modelling and circumvent this issue the model needed to 647 

be trained. The 13 spatial layers from the identified earthquake indicators were then used in the 648 

earthquake probability mapping adopting a trial and-error approach (Nedic et al., 2014). Judging by 649 

their importance the initial 13 layers were reduced by those that were deemed unnecessary for the 650 

analysis. The ranking of layers and weights was analyzed by using the ANN. 651 

 652 

 653 

3.7.2 Applying FAHP for the Training Site 654 

 655 

In order to implement the MLP model, we need two training datasets and a test to analyze the model 656 

and select a precise training network (Aghazadeh et al., 2017). Since data lacked we trained the ANN. 657 

For this purpose the FAHP model was created to generate a suitable training database. The 658 

combination of these two methods solved the complex problem of selecting suitable training sets for 659 

the ERA, and adequately considered all the relationships among the earthquake indicators. Seventy 660 

percent of those indicators with the highest weight resulting from the AHP model (Table 2) were 661 

transferred to ArcGIS to create the base map (Figure 10) while 500 points were selected randomly 662 

from the base map to produce a final training site map. These were input in the feed-forward 663 

Multilayer Perceptron (MLP) model, and also to measure the accuracy of the trained network. 664 

we have proposed a new method to select training points by combining the F-AHP model and ANN. 665 

Finally the FAHP output was classified into five categories of very high, high, medium, low and very 666 

low earthquake vulnerability. This map was then converted into a network of 500 randomly selected 667 

point sites.  668 

 669 

 670 

3.7.3 Transferring Layers to IDRISI Software 671 

After being standardized, the obtained training map along with the 13-layer map were transferred to 672 

the IDRISI software as the input and of neural network after converting the format as explained in the 673 

next section.  674 

After standardizing the 13 vulnerability criteria layers in the study and generating one layer of training 675 

points, a total of 13 raster layers with a cell size of 30 m (pixel size 30*30) were output in ENVI 676 

format using ArcGIS 10.4. The IDRISI software environment was prepared for use in the ANN MLP 677 

model. All the GIS operations were performed using Idrisi Kilimanjaro software (Eastman, 2006). 678 

The neural network was trained in IDRISI Kilimanjaro (Clark Labs), using a highly popular 679 

supervised method known as multi-layer perceptron (MLP), run in hard classification mode. The MLP 680 

classifier is based on the back-propagation algorithm (Haykin, 1999). Furthermore, in order to classify 681 

earthquake zones on the map, we applied the ANNs classifier of the IDRISI Kilimanjaro software 682 

http://jad.shahroodut.ac.ir/?_action=article&au=16116&_au=M.++Aghazadeh


20 
 

(Eastman, 2006). Since the IDRISI software works with raster layers all polygon-based vector format 683 

layers had to be converted to create the final map. 684 

In the next phase, all raster layers were exported into the IDRISI software, and we performed the 685 

analysis steps needed for the AHP model using the weight tool. At this stage, the relative importance 686 

of criteria in relation to their importance in the process of modernization priorities will be performed 687 

based on expert opinions and their relative importance of criteria in the weighting matrix. 688 

 689 

3.7.4 Implementing the MLP Neural Network Model 690 

The aim of the ANN computing is to build a new model of the data generating process so that it can 691 

generalize and predict outputs from inputs (Atkinson and Tatnall, 1997). If the model result is larger 692 

than the threshold, the Percepron output is 1 otherwise the output is -1. Our model had 13 input 693 

variables in the input layer, 1 hidden layer including 8 neurons, and 5 output layers. This model 694 

outcompeted other models based on the highest R2 and lowest RMSE, indicating that predicted and 695 

actual indices are closely aligned. 696 

 697 
The numbers of nodes of the hidden layers were calculated by the following equation (Eastman, 698 
2009): 699 

 700 

 701 

In Equ.11, Nh is the hidden layer, Ni the input layer and N0 the output layer. Table 3 illustrates the 702 

amount and manner of entry of effective parameters in the model implementation process. 703 

The raster map that resulted from the FAHP-ANN method was converted to a vector format in the 704 

GIS environment, and finally the dissolve function was administered to calculate earthquake 705 

vulnerability of Sanandaj City (Table 4). Sanandaj was broadly classified into five zones, namely, 706 

very high, high, moderate, low, and very low classes describing the likelihood of future earthquakes. 707 

 708 

Caption 11: 709 

Please insert Table 3 here: 710 

 711 

 712 

4. Results 713 

Nh = INT ( �Ni ×  N0             (11) 

 

 

https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S0098300410003158#bib18
https://www-sciencedirect-com.ezproxy.utm.my/topics/earth-and-planetary-sciences/modernization
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In Fig. 9 we present the earthquake vulnerability maps based on the 13 earthquake vulnerability 714 

criteria using different modelling techniques for the map production. We present three different maps 715 

here as they were needed to validate the results, as described in the next section. Sanandaj City has 716 

been broadly classified into the five vulnerability zones. All maps show that the zones of increased 717 

vulnerability are mainly situated in the urban areas of Sanandaj City which is in accordance with 718 

historical earthquake observations (Karimi, Boussauw, 2018). 719 

 720 

Caption 12: 721 

Please insert Figs. 9 here: 722 

 723 

Zones 1 and 2 are the high-risk zones for future earthquakes in Sanandaj. The earthquake prone zones 724 

are located in the vicinity of the active faults of Morvarid, Nahavand and Sanandaj-Sirjan, the latest 725 

being the closest fault at a 3 km distance from the city. 726 

Most parts of the city are located in low and medium vulnerability classes. Highly vulnerable areas 727 

are distributed among Zone 1 and 2 of the city. The highest seismic vulnerability occurring in Zone 1 728 

is due to the higher number of buildings in this district as this is the oldest part of Sanandaj. Also, in 729 

Zone 1, population numbers are the greatest, which increases the chance for human casualties in case 730 

of an earthquake. The most prevalent type of housing structure in the city of Sanandaj is masonry 731 

brick, decreasing in building height from Zone 1, 3, to 2. Over 60% of the buildings in Zone 1 and 2 732 

are made of masonry bricks, mostly constructed without considering seismic regulations. 733 

Reconstructing buildings in these areas based on careful planning is necessary in the future, especially 734 

as there are few high-quality steel and concrete buildings; and where they exist they are of a low-735 

quality construction, not adhering to building codes which needs to be addressed in the future. The 736 

validity of the results is supported by previous studies by Alizadeh et al. (2018a), Umar et al. (2014) 737 

and finally Jena et al. (in press) who also presented earthquake vulnerability maps. Our hybrid 738 

framework delivered useful results to evaluate a city’s vulnerability dimensions, and to inform 739 

preparedness strategies in the future. 740 

 741 
4.1 Validation 742 

The overall aim of the FAHP-ANN model was to make sure that a trained ANN model works without 743 

known flaws and can be confidently used. Validation of the results was examined by converting the 744 

vulnerability map to a probability map (refer to Mohammady et al., 2012; Pradhan et al., 2014; 745 

Tehrany et al., 2014; Aghdam et al., 2016; Tien Bui et al., 2016b; Fanos and Pradhan, 2019). The 746 

trained earthquake probability map was presented with five different classes to recognize various 747 

zones of probability, as shown in Fig. 10.  748 
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 749 

In this section, two validations were used that are effective in assessing the sensitivity of models to 750 

earthquake vulnerability. First, by analyzing the degree of consistency between the maps obtained 751 

from the FAHP, AHP and FMLP hybrid models. These were evaluated according to the validation 752 

points selected from the five F-AHP map classes (see Fig. 10). Subsequently, we randomly compared 753 

a number of points in the high-vulnerability spectrum on the FAHP hybrid model and the FMLP 754 

hybrid model where the points on both maps are in common spectra. In the next phase of validation, 755 

the receiver operating characteristic (ROC) curve was used to evaluate the sensitivity of the models to 756 

seismic vulnerability (Yariyan et al., 2019). Fig. 11 depicts that the curve can show a comprehensive 757 

relationship between the true positive value (TPR) and the false positive value (FPR) for seismic 758 

vulnerability. In this curve, the AUC is a measure of the accuracy of the susceptibility to seismic 759 

vulnerability. The area under the curve (AUCs) shows that more accurate pixels represent the scene 760 

than inaccurate pixels. According to the results, the FMLP hybrid model has good accuracy 761 

amounting to a value of 0.930. If the AUC is equal to 1, it indicates perfect prediction accuracy 762 

(Pradhan and Lee 2010c).  763 

 764 

The MLP model results in a hard and soft classification. In the classification the resulting map, each 765 

pixel belongs to a specific class. The value of the sigmoid function was introduced in Eq. 8, 9, and 10. 766 

Also, an ideal accuracy of 95% was introduced to stop the operation if 90% accuracy was observed in 767 

the output. 768 

An AUC value of >0.8 indicates that the performance of the model is good (Chen et al., 2017, Tien 769 

Bui et al., 2016b; Tien Bui et al., 2016c). The result of the combined F-AHP model and the FMLP 770 

combination model in the study area is presented in Fig. 10. 771 

 772 

 773 

 774 

Caption 13: 775 

Please insert Figure 10 here: 776 

 777 

 778 

Averaging all ROC curves and comparing TPR with FPR generates an optimum threshold which at its 779 

best will produce a saliency map with maximum sensitivity and minimum fall out rate. Calculated 780 

AUC values from the ROC curves are presented among the results in Fig. 11. 781 

 782 

Caption 14: 783 
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Please insert Figure 11 here: 784 

 785 

 786 

 787 

According to Fig. 11, the receiver operating characteristic (ROC) curve was used to evaluate and 788 

compare the classification models (Bradley 1997). As a graphical plot ROC shows the performance of 789 

a binary classifier system while the discrimination threshold is varied (Bradley 1997). The sensitivity 790 

or true positive rate (TPR) is defined as the percentage of seismic records which are correctly 791 

identified in terms of seismicity. As plotted in Fig. 11, sensitivity, which is also called the true 792 

positive rate (TPR), and the false positive rate (FPR), that was obtained for Sanandaj City were on 793 

average 0.93 and 0.07, respectively. Thus each time we call it a positive; there is a 7% probability that 794 

we obtain this specific probability of being wrong. The graphical representation of accuracy is 795 

presented in Fig. 11. 796 

 797 

4.2 The amount of vulnerability based on population and area 798 

 799 

In order to more accurately understand what is affected by an earthquake in terms of area and 800 

population, it is necessary to calculate the percentage of that.  801 

Sanandaj City population data per municipality zone was used for assessing the impact of the 802 

population vulnerability (PV) in various zones of Sanandaj City, as illustrated in Fig 12. 803 

This information is highly relevant for informing crisis management. Fig. 12 shows the steps for 804 

calculating the ‘amount’ of vulnerability by applying the population and area software functions of 805 

ArcGIS 10.4. 806 

 807 

 808 

Caption 15: 809 

Please insert Figure 12 here: 810 

 811 

 812 

The details of population in risk, vulnerability classes, area, and corresponding percentages are 813 
presented in Table 4. 814 

Caption 16: 815 
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Please insert Table 4 here: 816 

 817 

As can be seen in Table 4, the greatest percentage of land was classed as high risk covering 28.28% of 818 

the city. In addition, as can be seen in Table 4, 25.39% of the city was under very high risk. High, 819 

moderate, low, and very low-risk zones represent 28.28%, 22%, 12.88%, and 11.45% of the total area, 820 

respectively.  821 

 822 

5. Discussion and conclusions 823 

 824 

In this research, a novel hybrid model of FAHP-ANN was developed for earthquake risk assessments 825 

(ERA), in the context of a case study of Sanandaj City, Iran. The modelling was coupled with a GIS-826 

based spatial analysis useful for the regional scale. A literature review helped in identifying 827 

earthquake vulnerability criteria incorporating knowledge about demographic, environmental and 828 

physical criteria. These in conjunction with historical earthquake data enabled us to produce an 829 

earthquake risk map for the city. The ANN method helped determine earthquake probability 830 

measurements, while the AHP method helped with the weight calculation of the parameters for the 831 

earthquake vulnerability assessment. The ranks and weights were assigned by experts in the field. 832 

Given that the root mean square error (RMSE) was very low, the ANN model has a high chance for 833 

correct interpretation. 834 

 835 

The geological earthquake vulnerability criteria, forming part of the environmental criteria, had the 836 

highest impact on the earthquake probability assessment in Sanandaj. whereas demographic factors 837 

contributed the most for the vulnerability assessment of Sanandaj. However, the importance of 838 

different criteria varied in different zones of Sanandaj. The highest risk zones were clustered in the 839 

northern part (Zone 1) of the city. The other parts were exposed to low-to-moderate earthquake risk. 840 

Developmental infrastructure plans show that the city is expanding towards the South with various 841 

schools, universities, and informal settlements located in the vicinity of the fault. Growing towards the 842 

fault may cause serious problems for the city in the future. If the same planning and building mistakes 843 

made in Zone 1 are repeated here where the natural risk is increased due to the proximity to the fault, 844 

many people and structures will be at great danger. The highest population density coincides with 845 

building density in zones 1, 2 in very highly vulnerable zones for earthquakes. Government offices 846 

and the main transportation junctions here are under great threat and earthquakes here could quickly 847 

impact on all areas of the city as they depend on the critical services provided in these zones. This 848 

demonstrates that local earthquake effect have wide-spread repercussions for the city as a whole. 849 

 850 

It is obvious from these results that Sanandaj City urgently requires a reassessment of the strategies 851 

for managing natural disasters, not the least because the 2017-2018 earthquakes showcased serious 852 
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consequences. Appropriate policies are needed to manage the city and inform decision-makers on 853 

vulnerability factors and the unique deficiencies of each zone and the locations where to prioritise. 854 

Zone 3 for instance is not yet as vulnerable and priorities may need to be given to Zone 1 to reassess 855 

existing structures and relief plans addressing the high population density. However with planned 856 

expansions to Zone 3, forward planning is needed to avoid issues prevalent in Zone 1. The critical 857 

condition of buildings and high population density in high risk zones should be closely monitored by 858 

the government, and programs of risk reduction be improved. Lack of managing more even 859 

population distributions across the city and poor city development planning are the main issues to 860 

address to proactively manage risk in the future. 861 

 862 

This study aimed at developing a user-friendly geographic information system (GIS) tool coupled 863 

with a novel FAHP-ANN model that provides an effective and practical estimation of ERA. This 864 

technique can become an important tool for city planning, thereby confronting crises resulting from 865 

future earthquake incidences. This is supported by related works of Nazmfar (2019), Ningthoujam and 866 

Nanda (2018), Moradi et al. (2015), Zamani et al. (2013) and Sarris et al. (2010). The hybrid FAHP-867 

ANN model filled spatial gaps in a map that are now fully covered because of using a combination of 868 

three main earthquake vulnerability criteria groups including demographic, environmental and 869 

physical criteria (Cardona et al., 2012; Pelling and Wisner, 2012). By comparing the F-AHP and F-870 

MLP maps, the final map of the F-AHP is derived from the AHP weight. Interestingly, The F-AHP 871 

map pinpoints precisely the same areas as highly vulnerable. This is reflected in the FMLP model, 872 

which indicates a high accuracy in weighting, and in the selection of training points, and in the 873 

implementation of the ANN. 874 

 875 

The major drawback of the FAHP-ANN technique is the time-consuming model development and 876 

implementation because the ANN training requires a large amount of training data (Dahmani et al., 877 

2014). The key limitations specific to our study situation included a lack of high-quality infrastructure 878 

data and long processing times. 879 

 880 

The developed hybrid framework of the FAHP-ANN model is easily replicable elsewhere for urban 881 

management. Hence, future scenarios may include the application of artificial intelligence technique 882 

or a 3D city model. Future research also should concentrate on the use of more intelligent analysis 883 

such as back-propagation neural networks, probabilistic neural networks, supervised associating 884 

networks, multi-layer perceptron neural network architectures, genetic algorithms, support vector 885 

machine and multi-layer neural networks. Neural networks will provide a better performance in 886 

tackling diverse and complex challenges of life. In the future, more attention should be afforded to 887 

conducting research for ERA and multi-criteria analysis using the predication and accuracy 888 

algorithms for incremental updates. Accordingly, in our future work we will focus on evaluating our 889 
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technique for ERA on large multi-criteria datasets to show how it can overcome the scalability 890 

drawback of traditional and multi-criteria analysis.  891 

 892 

Finally, the integration of the FAHP-ANN and GIS applications for earthquakes serves as a 893 

framework that has potential application in other disaster contexts such as extreme geological, 894 

hydrological and meteorological events with devastating effects for landscapes, humans and 895 

infrastructures. 896 

 897 

 898 

 899 

Acknowledgments 900 
 901 
The authors would like to acknowledge the support of Universti Teknologi Malaysia (UTM) for 902 

providing financial assistance. Appreciation also goes to the editors and anonymous reviewers for 903 

their valuable comments and suggestions, which were helpful in improving the paper. 904 

 905 

 906 

Reference 907 

 908 

Abiodun, O.I., Jantan, A., Omolara, A.E., Dada, K.V., Mohamed, N.A., Arshad, H., 2018. State-of-909 
the-art in artificial neural network applications: A survey. Heliyon, 4 (11), e00938.  910 

 911 

Abraham, A., 2005. Artificial neural networks. In Handbook of Measuring System Design; Wiley: 912 

Chichester, UK. 913 

 914 

Achu, A.L., Thomas, J., Reghunath, R., 2020. Multi-criteria decision analysis for delineation of 915 
groundwater potential zones in a tropical river basin using remote sensing, GIS and analytical 916 
hierarchy process (AHP). Groundwater for Sustainable Development, Volume 10, April 2020, 917 
100365.  918 

 919 
Aghdam, I.N., Varzandeh, M.H.M., Pradhan, B., 2016. Landslide susceptibility mapping using an 920 

ensemble statistical index (Wi) and adaptive neuro-fuzzy inference system (ANFIS) model at 921 
Alborz Mountains (Iran). Environ. Earth Sci. 75 (7), 553. https://doi.org/10.1007/s12665-015-922 
5233-6. 923 

 924 
Aghamohammadi, H., Mesgari, M.S., Mansourian, A., and Molaei, D., 2013. Seismic Human Loss 925 
Estimation for an Earthquake Disaster Using Neural Network. International Journal of Environmental 926 
Science and Technology, 10 (5), 931-939. doi:10.1007/s13762-013-0281-5. 927 
 928 

https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S2352801X18300237#!
https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S2352801X18300237#!
https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S2352801X18300237#!
https://www-sciencedirect-com.ezproxy.utm.my/science/journal/2352801X
https://www-sciencedirect-com.ezproxy.utm.my/science/journal/2352801X/10/supp/C
https://doi.org/10.1007/s12665-015-5233-6
https://doi.org/10.1007/s12665-015-5233-6


27 
 

Aghataher, R., Delavar, M.R., and Kamalian, N., 2005. Weighing of Contributing Factors in 929 
Vulnerability of Cities against Earthquakes. Paper presented at Proceedings of Map Asia 930 
Conference, Jakarta, August 22-25, 6p. 931 

 932 
Aghazadeh, M., Soleimanian Gharehchopogh, F., 2017. A New Hybrid model of Multi-layer 933 

Perceptron Artificial Neural Network and Genetic Algorithms in Web Design Management 934 
Based on CMS. Journal of AI and Data Mining, 6 (2), 2018, 409-415. 935 

 936 
Ahadnezhad Reveshty, M., Kamelifar, M.J., Ranjbarnia, B., Pashaiifar, A., 2014. A Comparative 937 

Study on Physical Vulnerability of Urban Area against Natural Hazards: Importance of Health 938 
Promoting Approach in Civil Engineering. Health Promot. Perspect.4(1), 122-131. 939 

 940 
Ahmed, K., Shahid, S., Haroon, S.B., and Xiao-jun, W., 2015. Multilayer perceptron neural network 941 

for downscaling rainfall in arid region: A case study of Baluchistan, Pakistan. Journal of Earth 942 
System Science, 124(6), 1325-1341. 943 

 944 
Ahumada, A., Altunkaynak, A., Ayoub, A., 2015. Fuzzy logic-based attenuation relationships of 945 

strong motion earthquake records, Expert Syst. Appl. 42 (3), 1287–1297. 946 
 947 
Ainuddin, S., & Routray, J.K., 2012. Community resilience framework for an earthquake prone area 948 

in Baluchistan. International Journal of Disaster Risk Reduction, 2, 25-36. Retrieved from 949 
http://dx.doi.org/10.1016/j.ijdrr.2012. 07.003. 950 

 951 
Akhoondzadeh, M., De Santis, A., Marchetti, D., Piscini, A., Jin, S.H., 2019. Anomalous seismo-LAI 952 

variations potentially associated with the 2017 Mw = 7.3 Sarpol-e Zahab (Iran) earthquake from 953 
Swarm satellites, GPS-TEC and climatological data. Advances in Space Research 64 (2019) 954 
143–158.  955 

 956 
Alizadeh, M., Ngah, I., Hashim, M., Pradhan, B., Pour, A., 2018a. A hybrid analytic network process 957 

and artificial neural network (ANP-ANN) model for urban earthquake vulnerability assessment. 958 
Remote Sens. 10, 975. 959 

 960 
Alizadeh, M., Hashim, M., Alizadeh, E., Shahabi, H., Karami, M., Beiranvand Pour, A., Pradhan, B., 961 

Zabihi, H., 2018b. Multi-criteria decision making (MCDM) model for seismic vulnerability 962 
assessment (SVA) of urban residential buildings. ISPRS Int. J. Geo-Inf. 7, 444. 963 

 964 
Alizadeh, M., Alizadeh, E., Asadollahpour Kotenaee, S., Shahabi, H., Beiranvand Pour, A., Panahi, 965 

M., Bin Ahmad, B., Saro, L., 2018c. Social vulnerability assessment using artificial neural 966 
network (ANN) model for earthquake hazard in Tabriz City, Iran. Sustainability, 10, 3376. 967 

 968 
Alkhasawneh, M.S., Ngah, U.K., Tay, L.T., Mat Isa, N.A., & Al-batah, M.S., 2013. Determination of 969 

important topographic factors for landslide mapping analysis using MLP network. Sci. World J. 970 
1-12. 971 

 972 
Allali, S.A., Abed, M., Mebarki., A., 2018. Post-earthquake assessment of buildings damage using 973 

fuzzy logic. Engineering Structures, 166, 117-127. 974 
 975 

http://jad.shahroodut.ac.ir/?_action=article&au=16116&_au=M.++Aghazadeh
http://jad.shahroodut.ac.ir/?_action=article&au=7792&_au=F.++Soleimanian+Gharehchopogh
http://dx.doi.org/10.1016/j.ijdrr.2012.%2007.003
https://scholar.google.com/citations?user=-KikbT8AAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=nF9aH5oAAAAJ&hl=en&oi=sra
https://www.sciencedirect.com/science/article/pii/S0141029617333175
https://www.sciencedirect.com/science/article/pii/S0141029617333175


28 
 

Allen, M.B., Kheirkhah, M., Emami, M.H., Jones, S.J., 2011. Right-lateral shear across Iran and 976 
kinematic change in the ArabiaeEurasia collision zone. Geophysical Journal International, 184, 977 
555-574. 978 

 979 
Alparslan, E., Ince, F., Erkan, B., Aydöner, C., Özen, H., Dönertaş, A., Ergintav, S., Yağsan, F. S., 980 

Zateroğulları, H., Eroğlu, I., Değer, M., Elalmış, H., Özkan, M., 2008. A GIS model for 981 
settlement suitability regarding disaster mitigation, a case study in Bolu Turke. Engineering 982 
Geology, 96, 126-140. 983 

 984 
Amini-Hosseini, K., Hosseini, M., Jafari, M.K., Hosseinioon, S., 2009. Recognition of vulnerable 985 

urban fabrics in earthquake zones: case study of the Tehran metropolitan area, J. Seismol. Earthq. 986 
Eng. (JSEE), 10 (4), 175-187. 987 

 988 
Antanasijevi´c, D.Z., Pocajt, V.V., Povrenovi´c, D.S., Risti´c, M.D., Peri´c-Gruji´c, A.A. PM10 989 

emission forecasting using artificial neural networks and genetic algorithm input variable 990 
optimization. Sci. Total Environ. 2013, 443, 511-519. 991 

 992 
Arabameri, A., Pradhan, B., Rezaei, K-H., and Chang-Wook Lee, C-W., 2019. Assessment of 993 

Landslide Susceptibility Using Statistical and Artificial Intelligence-Based FR–RF Integrated 994 
Model and Multiresolution DEMs. Remote Sens. 2019, 11, 999. doi:10.3390/rs11090999. 995 

 996 
Asadi, Y., Neysani Samany, N., Ezimand., K., 2019. Seismic vulnerability assessment of urban 997 

buildings and traffic networks using fuzzy ordered weighted average. J. Mt. Sci. 16(3), 677-688. 998 
 999 
Asadzadeh, M., Aryankhesal, A., Seyedin, H., J Babaei, J., 2014. The relationship between 1000 

knowledge and attitude of managers with preparedness of healthcare centers in rey health 1001 
network against earthquake risk-2013, Health Emergencies Disasters Q. 1 (2), 165–180. 1002 
http://hdq.uswr.ac.ir/article-1-61-en.html. 1003 

 1004 
Asef, M.R. & Kessmati, M.R., 2005. Buildings earthquake vulnerability. The International 1005 

Conference on Geohazards, Natural Disasters and Methods of Confronting with Them September 1006 
27-29, Tabriz. 1007 

 1008 
Asef, M.R., 2008. Modeling the elements of country vulnerability to earthquake disasters. Disasters, 1009 

32, 480–498. 1010 
 1011 
Atkinson, P.M., Tatnall, A.R.L., 1997. Neural networks in remote sensing. International Journal of 1012 

Remote Sensing, 18, 699–709. 1013 
 1014 
Atrachali, M., Ghafory-Ashtiany, M., Amini-Hosseini, K., Arian-Moghaddam, S., 2019. Toward 1015 

quantification of seismic resilience in Iran: Developing an integrated indicator system.   1016 
International Journal of Disaster Risk Reduction, Volume 39, October 2019, 101231.  1017 

 1018 
Ayag, Z., Ozdemir, R.G., 2009. A hybrid approach to concept selection through fuzzy analytic 1019 

network process. Comput. Ind. Eng. 56, 37–368. doi:10.1016/j.cie.2008.06.011. 1020 
 1021 
Azami, M., Mirzaee, E., & Mohammadi, A., 2015. Recognition of urban unsustainability in Iran 1022 

(Case study: Sanandaj city). Cities, 159-168. 1023 

http://hdq.uswr.ac.ir/article-1-61-en.html
https://www.sciencedirect.com/science/article/pii/S2212420918315115#!
https://www.sciencedirect.com/science/article/pii/S2212420918315115#!
https://www.sciencedirect.com/science/article/pii/S2212420918315115#!
https://www.sciencedirect.com/science/article/pii/S2212420918315115#!
https://www.sciencedirect.com/science/journal/22124209
https://www.sciencedirect.com/science/journal/22124209/39/supp/C


29 
 

 1024 
Babayev, G., Ismail-Zadeh, A., Le Moue¨l, J-L., 2010. Scenario-based earthquake hazard and risk 1025 

assessment for Baku (Azerbaijan). Nat. Hazards Earth Syst. Sci. 10, 2697–2712. 1026 
 1027 
Bachmanov, D.M., Trifonov, V.G., Hessami, K.T., Kozhurin, A.I., Ivanova, T.P., Rogozhin, E.A., 1028 

Hademi, M.C., Jamali, F.H., 2004. Active faults in the Zagros and central Iran. Tectonophysics, 1029 
380 (3–4), 221–241. 1030 

 1031 
Bahadori, H., Hasheminezhad, A., Karimi, A., 2017. Development of an integrated model for seismic 1032 

vulnerability assessment of residential buildings: Application to Mahabad City, Iran. J. Build. 1033 
Eng. 12, 118–131. 1034 

 1035 
Barbat, A.H., Carren᷉o, M.L., Pujades, L.G., Lantada, N., Cardona, O.D., Marulanda, M.C., 2010. 1036 

Seismic vulnerability and risk evaluation methods for urban areas; a review with application to a 1037 
pilot area. Struct. Infrastruct. Eng. 6 (4), 499–499. 1038 

 1039 
Barnett, J., Tschakert, P., Head, L., Adger, W.N., 2016. A science of loss. Nat. Clim. Change, 6 (11), 1040 

976–978. https://doi.org/10.1038/nclimate3140. 1041 
 1042 
Bartolomei, A., Corigliano, M, Lai, C., 2008. Seismic risk assessment of Italian seaports using GIS. 1043 

AIP Conf. Proc. 1020,1591–1598. doi:10.1063/1.2963787. 1044 
 1045 
Beck, E., André-Poyaud, I., Davoine, P.-A., Chardonnel, S., Lutoff, C., 2012. Risk perception and 1046 

social vulnerability to earthquakes in Grenoble (French Alps). J. Risk Res., 15, 1245–1260. 1047 
 1048 
Benchelha, S., Chennaoui Aoudjehane, H., Hakdaoui, M., El Hamdouni, R., Mansouri, H., Benchelha, 1049 

T., Layelmam, M., Alaoui, M., 2019. LANDSLIDE SUSCEPTIBILITY MAPPING IN THE 1050 
MUNICIPALITY OF OUDKA, NORTHERN MOROCCO: A COMPARISON BETWEEN 1051 
LOGISTIC REGRESSION AND ARTIFICIAL NEURAL NETWORKS MODELS. The 1052 
International Archives of the Photogrammetry, Remote Sensing and Spatial Information 1053 
Sciences, Volume XLII-4/W12, 2019 5th International Conference on Geoinformation Science – 1054 
GeoAdvances 2018, 10–11 October 2018, Casablanca, Morocco. 1055 

 1056 
Benítez, J.M., Martín, J.C., Concepción, R., 2007. Using fuzzy number for measuring quality of 1057 

service in the hotel industry. Tour. Manag., 28, 544-555. 1058 
 1059 
Berberian, M., 2005. The 2003 Bam Urban earthquake: a predictable seismotectonic pattern along the 1060 

Western Margin of the Rigid Lut Block, Southeast Iran. Earthquake Spectra, 21 (S1), 35–99. 1061 
 1062 
Berberian, M., 2014. Earthquakes and Coseismic Faulting on the Iranian Plateau: A Historical, Social 1063 

and Physical Approach. Elsevier Series Development in Earth Surface Processes, 17, p. 628.  1064 
 1065 
Biswas, T., Akash, S.M., Saha, S., 2018. A Fuzzy-AHP Method for Selection Best Apparel Item to 1066 

Start-Up with New Garment Factory: A Case Study in Bangladesh. Int. J. Res. Ind. Eng. 7 (1), 1067 
32–50. 1068 

 1069 

https://doi.org/10.1038/nclimate3140
https://www.researchgate.net/profile/Tarun_Biswas4


30 
 

Bitarafan, M., Hossainzadeh, Y., Yaghmayi, S., 2013. Evaluating the connecting members of cold-1070 
formed steel structures in reconstruction of earthquake-prone areas in Iran using the AHP 1071 
methods. Alexandria Eng. J. 52, 711-716. 1072 

 1073 
Bradley, A.P., 1997. The use of the area under the ROC curve in the evaluation of machine learning 1074 

algorithms. Pattern Recogn. 30(7), 1145–1159. 1075 
 1076 
Bravo-Moncayo, L., Lucio-Naranjo, J., Ignacio Pavón, I., 2016. Alternative approach for valuing road 1077 

traffic noise: Case study of Quito, Ecuador. PROCEEDINGS of the 22 International Congress on 1078 
Acoustics, Environmental Acoustics & Community Noise: Paper ICA2016-0105. 1079 

 1080 
Cabrerizo, F.J., Alonso, S., Herrera-Viedma, E., 2009. A consensus model for group decision making 1081 

problems with unbalanced fuzzy linguistic information. Int. J. Inf. Technol. Decis. Mak., 8 (1), 1082 
109-131. 1083 

 1084 
Cai, T., Li, X., Ding, X., Wang, j., Zhan, J., 2019.  Flood risk assessment based on hydrodynamic 1085 

model and fuzzy comprehensive evaluation with GIS technique, International Journal of Disaster 1086 
Risk Reduction, Volume 35, April 2019, 101077. 1087 

 1088 
Cardona, O.D., van Aalst, M.K., Birkmann, J., Fordham, M., McGregor, G., Mechler, R. 1089 

Determinants of Risk: Exposure and Vulnerability; Cambridge University Press: Cambridge, 1090 
UK, 2012; pp. 54–76. 1091 

 1092 
Chang, D., 1992. Extent Analysis and Synthetic Decision, Optimization Techniques and Applications. 1093 

vol. 1. World Scientific, Singapore, p. 352. 1094 
 1095 
Chang, D-Y., 1996. Applications of the extent analysis method on fuzzy AHP. Eur. J. Oper. Res. 95 1096 

(3), 649–655. 1097 
 1098 
Chang, C.W., Wu, C.R., Lin, G.T., Lin, H.L., 2007. Evaluating digital video recorder using analytic 1099 

hierarchy and analytic network processes. Information Science, 177, 3383–3396. 1100 
 1101 
Chen, H.W., Chang, N.B., 2010. Using fuzzy operators to address the complexity in decision making 1102 

of water resources redistribution in two neighboring river basins. Adv. Water Resour. 33 (6), 1103 
652-666. 1104 

 1105 
Chen, Y., Li, B., 2011. Dynamic multi-attribute decision making model based on triangular 1106 

intuitionistic fuzzy numbers. Sci. Iran. B, 18 (2), 268-274. 1107 
 1108 
Chen, W., Xie, X., Peng, J., Wang, J., Duan, Z., Hong, H., 2017. GIS-based landslide susceptibility 1109 

modelling: a comparative assessment of kernel logistic regression, Naïve-Bayes tree, and 1110 
alternating decision tree models. Geomatics, Nat Hazards Risk. 8, 950-973. 1111 

 1112 
Coburn, A., Spence, R., 2006. Earthquake risk modelling. In: Coburn, A., Spence, R. (Eds.), 1113 

Earthquake Protection. John Wiley & Sons Inc, Chichester, pp. 311–352. 1114 
 1115 

https://www.sciencedirect.com/science/article/pii/S2212420918313505#!
https://www.sciencedirect.com/science/article/pii/S2212420918313505#!
https://www.sciencedirect.com/science/article/pii/S2212420918313505#!
https://www.sciencedirect.com/science/article/pii/S2212420918313505#!
https://www.sciencedirect.com/science/journal/22124209
https://www.sciencedirect.com/science/journal/22124209
https://www.sciencedirect.com/science/journal/22124209/35/supp/C


31 
 

Dahmani, K., Dizene, R., Notton, G., Paoli, C., Voyant, C., Nivet, M.L., 2014. Estimation of 5-min 1116 
time-step data of tilted solar global irradiation using ANN (artificial neural network) model. 1117 
Energy, 70, 374–381. 1118 

 1119 
Davidson, R., Shah, H.C., 1997. A multidisciplinary urban earthquake disaster risk index, Earthq. 1120 

Spectra, 13 (2), 211–223. 1121 
 1122 
Delavar, M.R., Moradi, M., & Moshiri, B., 2015. Earthquake vulnerability assessment for hospital 1123 

buildings using a gis-based group multi criteria decision making approach: a case study of 1124 
Tehran, Iran. ISPRS Journal of Photogrammetry, Remote Sensing and Spatial Information 1125 
Sciences, XL1/W5, 153-157. 1126 

 1127 
Ding, Z., Zhu, M., Wu, Z., Fu, Y., Liu, X., 2018. Combining AHP-entropy approach with GIS for 1128 

construction waste landfill selection - a case study of Shenzhen. Environ Res Public Health, 15, 1129 
2254. 1130 

 1131 
Doocy, S., Daniels, A., Packer, C., Dick, A., Kirsch, T.D., 2013. The human impact of earthquakes: a 1132 

historical review of events 1980-2009 and systematic literature review. Plos Curr. 5 (5), 1808–1133 
1815. https://doi.org/10.1371/currents.dis. 67bd14fe457f1db0b5433a8ee20fb833. 1134 

 1135 
Dou, J., Yamagishi, H., Pourghasemi, H.R., Yunus, A.P., Song, X., Xu, Y., Zhu, Z., 2015. An 1136 

integrated artificial neural network model for the landslide susceptibility assessment of Osado 1137 
Island, Japan. Nat. Haz. 78(3), 1749–1776. 1138 

 1139 
Eastman, J.R., 2006. IDRISI Andes: Guide to GIS and Image Processing, Clark 1140 

University, Worcester, USA (2006). 1141 
 1142 
Eastman, J.R., IDRISI Taiga Guide to GIS and Image Processing; Manual Version 16.02; Clark Labs: 1143 

Worcester, MA, USA, 2009. 1144 
 1145 
Ebrahimi, M., Abdolshah, M., Abdolshah, S., 2016. Developing a computer vision method based on 1146 

AHP and feature ranking for ores type detection. Applied Soft Computing, 49, 179–188. 1147 
 1148 
Erden, T., Karaman, H., 2012. Analysis of earthquake parameters to generate hazard maps by 1149 

integrating AHP and GIS for Kȕçȕkçekmece region. Nat. Hazards Earth Syst. Sci. 12(2), 475–1150 
483. doi:10.5194/nhess-12- 475-2012. 1151 

 1152 
Fanos, A.M., Pradhan, B., 2019. A Spatial Ensemble Model for Rockfall Source Identification From 1153 

High Resolution LiDAR Data and GIS. IEEE Access 7, 74570–74585. 1154 
https://doi.org/10.1109/ACCESS.2019.2919977. 1155 

 1156 
Feizizadeh, B., & Blaschke, T., 2012. Land suitability analysis for Tabriz County, Iran: A multi 1157 

criteria evaluation approach using GIS. Journal of Environmental Planning and Management, 56, 1158 
1–23. 1159 

 1160 
Feizizadeh, B., & Kienberger, S., 2017. Spatial explicit sensitivity and uncertainty analysis for 1161 

multicriteria based vulnerability assessment. Journal of Environmental Planning and 1162 
Management. 1, 1–23 doi:10.1080/09640568.2016.1269643. 1163 

https://doi.org/10.1371/currents.dis.%2067bd14fe457f1db0b5433a8ee20fb833
https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S1470160X20301084#bb0125


32 
 

 1164 
Fischer, T., Alvarez, M., Dela Llera, J., and Riddell, R., 2002. An integrated model for earthquake 1165 

risk assessment of buildings, Eng. Struct. 24, 979–998. 1166 
 1167 
Fu, B., Lei, X., Hessami, K., Ninomiya, Y., Azuma, T., and Kondo, H., 2007. A new fault rupture 1168 

scenario for the 2003 Mw 6.6 Bam earthquake, SE Iran: Insights from the high-resolution 1169 
QuickBird imagery and field observations, J. Geodyn. doi:10.1016/j.jog.2007.02.002. 1170 

 1171 
Ghafory-Ashtiany, M., 2009. View of Islam on earthquakes, human vitality and disaster. Disaster 1172 

Prevention and Management, 18(3), 218-232. 1173 
 1174 
Ghajari, Y.E., Alesheikh, A.A., Modiri, M., Hosnavi, R., Abbasi, M., 2017. Spatial modelling of 1175 

urban physical vulnerability to explosion hazards using GIS and fuzzy MCDA. Sustainability, 9 1176 
(7), 1274. 1177 

 1178 
Ghajari, Y.E., Alesheikh, A.A., Modiri, M., Hosnavi, R., Abbasi, M., Sharifi, A., 2018. Urban 1179 

vulnerability under various blast loading scenarios: analysis using GIS-based multicriteria 1180 
decision analysis techniques. Cities, 72, 102–114. 1181 

 1182 
Ghassemi, M., 2016. Surface ruptures of the Iranian earthquakes 1900–2014: Insights for earthquake 1183 

fault rupture hazards and empirical relationships. Earth-Science Reviews, 156, 1–13. 1184 
 1185 
Ghodrati-Amiri, G., Motamedi, R., Rabet Es-Haghi, H., 2003. Seismic hazard assessment of 1186 

metropolitan Tehran. Iran. J. Earthq. Eng. 7 (3), 347–372. 1187 
 1188 
Ghodrati-Amiri, G., Andisheh, K. and Razavian Amrei, S.A., 2009. Probabilistic seismic hazard 1189 

assessment of Sanandaj, Iran. Struct. Eng. Mech., 32, 1-19. 1190 
 1191 
Gillard, D., Wyss, M., 1995. Comparison of strain and stress tensor orientation: application to Iran 1192 

and southern California. Journal of Geophysical Research, 100, 22197–22213. 1193 
 1194 
González, D.P., Monsalve, M., Moris, R., Herrera, C., 2018. Risk and Resilience Monitor: 1195 

Development of multiscale and multilevel indicators for disaster risk management for the 1196 
communes and urban areas of Chile. Appl. Geogr. 94, 262–271. 1197 

 1198 
Goodarzi, L., Banihabib, M.E., Roozbahani, A., and Dietrich, J., 2019. Bayesian Network Model for 1199 

Flood Forecasting Based on Atmospheric Ensemble Forecasts. Nat. Hazards Earth Syst. Sci. 1200 
Discuss. https://doi.org/10.5194/nhess-2019-44. 1201 

 1202 
Gopal, S., 2016. Artificial Neural Networks in Geospatial Analysis. Copyright © 2017 John Wiley & 1203 

Sons, Ltd. 1204 
 1205 
Niu, G.,  Wang, Y., Hu, Z.,  Zhao, Q., and Hu, D., 2019. Application of AHP and EIE in Reliability 1206 

Analysis of Complex Production Lines Systems. Hindawi, Mathematical Problems in 1207 
Engineering ,Volume 2019, Article ID 7238785, 10 pages. 1208 

 1209 

https://onlinelibrary.wiley.com/action/doSearch?ContribAuthorStored=Gopal%2C+Sucharita


33 
 

Guha-Sapir, D., Vos, F., Below, R., Ponserre, S., 2011. Annual disaster statistical review 2011: the 1210 
numbers and trends. Brussels: Centre for Research on the Epidemiology of Disasters (CRED) 1211 
2012. 1212 

 1213 
Hagan, M.T., Demuth, H.B., Beale, M., Neural Network Design. PWS Publishing, Boston, 1214 

USA. (1996). 1215 
  1216 

Hashemi, M., and Alesheikh. A.A., 2011. A GIS-Based Earthquake Damage Assessment and 1217 
Settlement Methodology. Soil Dynamics and Earthquake Engineering, 31 (11), 1607–1617. 1218 

 1219 
Hassanzadeh, R., 2019. Earthquake population loss estimation using spatial modelling and survey 1220 

data: The Bam earthquake, 2003, Iran. Soil Dynamics and Earthquake Engineering, 116, 421–1221 
435.  1222 

Hassanzadeh, R., Nedović-Budić, Z., Alavi Razavi, A., Norouzzadeh, M., Hodhodkian, H., 2013.  1223 
Interactive approach for GIS-based earthquake scenario development and resource estimation 1224 
(Karmania hazard model). Int. J. Comput. Geosci. 51, 324–38. 1225 

 1226 
Haykin, S., Neural networks: a comprehensive foundation. 2nd ed. New Jersey: Prentice-Hall; 1999. 1227 
 1228 
He, B., Oki, T., Sun, F., Komori, D., Kanae, S., Wang, Y., Kim, H., Yamazaki, D., 2011. Estimating 1229 

monthly total nitrogen concentration in streams by using artificial neural network. Journal of 1230 
Environmental Management, 92, 172-177. 1231 

 1232 
Hessami, F., Jamali, F., Tabassi, H., 2003. Major Active Faults of Iran, International Institute of 1233 

Earthquake Engineering and Seismology (IIEES). Tehran, Iran. 1234 
 1235 
Hosseinali, F., Alesheikh, A.A., Nourian, F., 2013. Agent-based modeling of urban land-use 1236 

development, case study: Simulating future scenarios of Qazvin city. Cities, 31, 105-113. 1237 
 1238 
Hooshangi, N., Alesheikh, A.A., 2018. Developing an Agent-Based Simulation System for Post-1239 

Earthquake Operations in Uncertainty Conditions: A Proposed Method for Collaboration among 1240 
Agents. ISPRS Int. J. Geo-Inf. 7, 27. 1241 

 1242 
Hu, J., Chen, J., Chen, Z., Cao, J., Wang, Q., Zhao, L., Zhang, H., Xu, B., and Chen, G., 2018. Risk 1243 

assessment of seismic hazards in hydraulic fracturing areas based on fuzzy comprehensive 1244 
evaluation and AHP method (FAHP): A case analysis of Shangluo area in Yibin City, Sichuan 1245 
Province, China, J. Petrol. Sci. Eng. 170, 797–812. doi: 10.1016/j. petrol.2018.06.066. 1246 

 1247 
Huang, X., Jin, H., Zhang, Y., 2019. Risk assessment of earthquake network public opinion based on 1248 

global search BP neural network", PLOS ONE, 14(3), e0212839. https ://doi .org/10 .1371/ 1249 
journal.pone.0212839. 1250 

 1251 
Huang, J.P., Wang, X.A., Zhao, Y., Xin, C., H. Xiang, H., 2018. LARGE EARTHQUAKE 1252 

MAGNITUDE PREDICTION IN TAIWAN BASED ON DEEP LEARNING NEURAL 1253 
NETWORK. Neural Network, 28 (2), 149-160. 1254 

 1255 
Huggel, C., Ston, D., Auffhammer, M., Hansen, G., 2013. Loss and damage attribution. Nat. Clim. 1256 

Change, 3, 694–696. https://doi.org/10.1038/nclimate1961. 1257 

https://doi.org/10.1371/journal.pone.0212839
https://doi.org/10.1371/journal.pone.0212839
https://doi.org/10.1038/nclimate1961


34 
 

 1258 
Ibrion, M., Mokhtari, M., Nadim, F., 2015. Earthquake disaster risk reduction in Iran: lessons and 1259 

‘lessons learned’ from three large earthquake disasters—Tabas 1978, Rudbar 1990 and Bam 1260 
2003. Int. J. Disast. Risk Sci. 6 (4), 415–427. 1261 

 1262 
Islam, S.M., Al-Alawi, S.M., Ellithy, K.A., 1995. Forecasting monthly electric load and energy for a 1263 

fast growing utility using an artificial neural network. Electr. Power Syst. Res. 34 (1), 1-9. 1264 
 1265 
Izeboudjen, N., Larbes, C., Farah, A., 2014. A new classification approach for neural networks 1266 

hardware: from standards chips to embedded systems on chip, Artif. Intell. Rev. 41 (4), 491-534. 1267 
 1268 
Jackson, P., 1998. Introduction to expert systems: Addison-Wesley Longman Publishing Co., Inc.; 1269 

1998. 1270 
 1271 
Jahnavi, M., Introduction to Neural Networks, Advantages and Applications, towards Data Science, 1272 

Jul 9, 2017. Available at: www.deeplearningtrack.com 1273 
https://towardsdatascience.com/introduction-to-neural-networks-advantagesand-applications-1274 
96851bd1a207.  1275 

 1276 
Jaramillo, N., Carreño, M.L., Lantada, N., 2016. Evaluation of social context integrated into the study 1277 

of seismic risk for urban areas, Int. J. Disaster Risk Reduct. 17, 185–198. 1278 
 1279 
Jiang, Z.L., 2001. Introduction of an Artificial Neural Network Higher Education Press, Beijing, 1280 

China, (2001) in Chinese. 1281 
 1282 
JICA, C., 2000. The study on seismic microzoning of the Greater Tehran area in the Islamic Republic 1283 

of Iran. In: Pacific Consultants International Report. OYO Cooperation, Tokyo, Japan. 1284 
 1285 
Jena, R., Pradhan, B., Beydoun, G., Ardiansyah, N., Sofyan, H., Affan, M., Integrated model for 1286 

earthquake risk assessment using neural network and analytic hierarchy process: Aceh province, 1287 
Indonesia.  Geoscience Frontiers. In Press.  1288 

 1289 
Jun, K.S., Chung, E.S., Kim, Y.G., Kim, Y., 2013. A fuzzy multi-criteria approach to flood risk 1290 

vulnerability in South Korea by considering climate change impacts. Expert Syst. Appl. 40 (4), 1291 
1003-1013. 1292 

 1293 
Kankal, M., Akpınar, A., Kömürcü, M.I., Özşahin, T.Ş., 2011. Modeling and forecasting of Turkey‘s 1294 

energy consumption using socio-economic and demographic variables Appl. Energy, 88 (5), 1295 
1927-1939. 1296 

 1297 
Karapidakis, E.S., 2007. Machine learning for frequency estimation of power systems Appl. Soft. 1298 

Comput. 7 (1), 105-114. 1299 
 1300 
Karashima, K., Ohgai, A., Saito, Y., 2014. A GIS-based support tool for exploring land use policy 1301 

considering future depopulation and urban vulnerability to natural disasters –a case study of 1302 
Toyohashi city, Japan. Procedia. Environ. Sci. 22, 148–155. 1303 

 1304 
Karimia, N., and  Boussauw, K., 2018. Sanandaj, Iran. City profile. Cities, 72, 261–273.   1305 

http://www.deeplearningtrack.com/
https://towardsdatascience.com/introduction-to-neural-networks-advantagesand-applications-96851bd1a207
https://towardsdatascience.com/introduction-to-neural-networks-advantagesand-applications-96851bd1a207


35 
 

 1306 
Karimzadeh, S., Miyajima, M., Hassanzadeh, R., Amiraslanzadeh, R., Kamel, B., 2014. A GIS-based 1307 

seismic hazard, building vulnerability and human loss assessment for the earthquake scenario in 1308 
Tabriz. Soil Dyn. Earthq. Eng. 66, 263–280. 1309 

 1310 
Karimzadeh, S., Feizizadeh, B., Matsuoka, M., 2017. From a GIS-based hybrid site condition map to 1311 

an earthquake damage assessment in Iran: Methods and trends. Int. J. Disaster Risk Reduct. 22, 1312 
23–36. 1313 

 1314 
Khashei-Siuki, A., Keshavarz, A., Sharifan, H., 2020. Comparison of AHP and FAHP methods in 1315 

determining suitable areas for drinking water harvesting in Birjand aquifer. Iran. Groundwater 1316 
for Sustainable Development, 10, 100328. 1317 

 1318 
Khawaja, M., Asim, A-I., Iqbal, T., Martίnez, F., Άlvarez, A., 2018. Earthquake prediction model 1319 

using support vector regressor and hybrid neural networks. PLOS ONE 13(7), e0199004. 1320 
 1321 
Kim, Y., Newman, G., 2019. Climate Change Preparedness: Comparing Future Urban Growth and 1322 

Flood Risk in Amsterdam and Houston. Sustainability, 11(4), 1048.  1323 
 1324 
Kȕlachi, F., İnceȍz, M., Dog᷅ru, M., Aksoy, E., Baykara, O., 2009. Artificial neural network model for 1325 

earthquake prediction with radon monitoring Applied Radiation and Isotopes, 67, 212-219. 1326 
 1327 
Kumar, R., Padhi, S-S., Sarkar, A., 2019. Supplier selection of an Indian heavy locomotive 1328 

manufacturer: An integrated approach using Taguchi loss function, TOPSIS, and AHP. IIMB 1329 
Management Review, 31 (1), 78-90. 1330 

 1331 
Kurttila, M., Pesonen, M., Kangas, J., Kajanus, M. 2000. Utilizing the analytic hierarchy process 1332 

(AHP) in SWOT analysis—A hybrid method and its application to a forest-certification case. 1333 
For. Policy Econ., 1, 41–52. 1334 

 1335 
Lamarre, M., & Dong, W., 1986. Evaluation of seismic hazard with fuzzy algorithm. In Proceedings 1336 

of the third world, U.S. national conference on earthquake engineering, Charleston, SC (pp. 221–1337 
231). 1338 

 1339 
Lee, S., Seong, W.j., Oh, K-Y., Lee, M-J., 2016. The spatial prediction of landslide susceptibility 1340 

applying artificial neural network and logistic regression models: a case study of Inje, Korea. 1341 
Open Geosci. 8(1), 117–132. 1342 

 1343 
Lepuschitz, E., 2015. Geographic information systems in mountain risk and disaster management. 1344 

Appl. Geogr. 63, 212-219. 1345 
 1346 
Liao, S-H., 2005. Expert system methodologies and applications—a decade review from 1995 to 1347 

2004. Expert Syst. Appl. 28, 93–103. 1348 
 1349 
Liu, J.G., Mason, P.J., Yu, E., Wu, M.-C., Tang, C., Huang, R., Liu, H., 2012. GIS modelling of 1350 

earthquake damage zones using satellite remote sensing and DEM data. Geomorphology, 139 –1351 
140, 518–535. 1352 

 1353 

https://www-sciencedirect-com.ezproxy.utm.my/science/journal/2352801X
https://www-sciencedirect-com.ezproxy.utm.my/science/journal/2352801X
https://www.ncbi.nlm.nih.gov/pubmed/?term=Kim%20Y%5BAuthor%5D&cauthor=true&cauthor_uid=30809384
https://www.ncbi.nlm.nih.gov/pubmed/?term=Newman%20G%5BAuthor%5D&cauthor=true&cauthor_uid=30809384
https://www.mdpi.com/2071-1050/11/4/1048/htm
https://www.sciencedirect.com/science/article/pii/S0970389618304610#%21
https://www.sciencedirect.com/science/article/pii/S0970389618304610#%21
https://www.sciencedirect.com/science/article/pii/S0970389618304610#%21
https://www.sciencedirect.com/science/journal/09703896
https://www.sciencedirect.com/science/journal/09703896


36 
 

Luo, X.G., Lin, F.K., Zhu, S., Yu, M.L., Zhang, Z., Meng, L.S.,et al. 2019. Mine landslide 1354 
susceptibility assessment using IVM, ANN and SVM models considering the contribution of 1355 
affecting factors. PLOS ONE, 14(4), e0215134 10.1371/journal.pone.0215134.  1356 

 1357 
Lynch, M., Patel, H., Abrahamse, A., Rajendran, A.R., Medsker, L., 2001. Neural network 1358 

applications in physics, in: Proceedings. IJCNN’01. International Joint Conference on Neural 1359 
Networks (Vol. 3, pp. 2054-2058), IEEE, 2001. 1360 

 1361 
Maier, H.R., Jain, A., Dandy, G.C., Sudheer, K.P., 2010. Methods used for the development of neural 1362 

networks for the prediction of water resource variables in river systems: current status and future 1363 
directions. Environ. Model. Softw. 25 (8), 891-90. 1364 

 1365 
Mansourkhaki, A., Berangi, M., Haghiri, M., Haghani, M., 2018. A neural network noise prediction 1366 

model for Tehran urban roads. Journal of Environmental Engineering and Landscape 1367 
Management, 26(2), 88–97 89. 1368 

 1369 
Masson, F., Chéry, J., Martinod, J., Hatzfeld, D., Vernant, P., Tavakoli, F., Ashtiani, A., 2005. 1370 

Seismic versus aseismic deformation in Iran inferred from GPS and seismicity data. Geophysical 1371 
Journal International, 160, 217-226. 1372 

 1373 
Meena, S.R., Ghorbanzadeh, O., Blaschke, T., 2019. A Comparative Study of Statistics-Based 1374 

Landslide Susceptibility Models: A Case Study of the Region Affected by the Gorkha 1375 
Earthquake in Nepal. ISPRS Int. J. Geo-Inf. 8, 94. 1376 

 1377 
Meslem, A., and Dominik H., Lang, D., 2017. Physical Vulnerability in Earthquake Risk Assessment. 1378 

Oxford Research Encyclopedia of Natural Hazard Science, 1379 
http://dx.doi.org/10.1093/acrefore/9780199389407.013.71. 1380 

 1381 
Midilli, K.E., Dincer, I., Rosen, M.A., 2007. Artificial neural network analysis of world green energy 1382 

use. Energy Policy, 35 (3), 1731-1743. 1383 
 1384 
Moktadir, A., Rahman, T., Jabbour, C.J.C., Ali, S.M., Kabir, G., 2018. Prioritization of drivers of 1385 

corporate social responsibility in the footwear industry in an emerging economy: a fuzzy AHP 1386 
approach. Journal of Cleaner Production, 201, 369–381. 1387 

Cruz-Milán, O., Simpson, J.J., Simpson, P.M., & Choi, W., 2016. Reassurance or reason for concern: 1388 
security forces as a crisis management strategy. Tourism Management, 56, 114- 125. 1389 

 1390 
Robat Mili, R., Amini Hosseini, K., Izadkhah, Y.O., 2018. Developing a holistic model for earthquake 1391 

risk assessment and disaster management interventions in urban fabrics. Int. J. Disaster Risk 1392 
Reduct. 27, 355–365. 1393 

 1394 
 Mikhailov, L., and Tsvetinov, P., 2004. Evaluation of services using a fuzzy analytic hierarchy 1395 

process. Appl. Soft Comput., 5, 23-33. 1396 
 1397 
Mirzaei, N., Gao, M., Chen, Y.T., 1999. Delineation of potential seismic sources for seismic zoning 1398 

of Iran. J. Seismol. 3, 17–30. 1399 



37 
 

 1400 
Mohajjel, M., Fergusson, C.L., 2000. Dextral transpression in Late Cretaceous continental collision, 1401 

Sanandaj–Sirjan zone, Western Iran J. Struct. Geol. 22, 1125-1139. 1402 
 1403 
Mohammady, M., Pourghasemi, H.R., Pradhan, B., 2012. Landslide susceptibility mapping at 1404 

Golestan Province, Iran: A comparison between frequency ratio, Dempster–Shafer, and weights-1405 
of-evidence models. J. Asian Earth Sci. 61 (15), 221–236. 1406 
https://doi.org/10.1016/j.jseaes.2012.10.005. 1407 

 1408 
Moradi, M., Delavar, M.R., Moshiri, B., 2015. A GIS-based multi-criteria decision-making approach 1409 

for seismic vulnerability assessment using quantifier-guided OWA Operator: a case Study of 1410 
Tehran. Iran. Ann. GIS, 21 (3), 209–222. 1411 

 1412 
Murgante, B., ID Salmani, M., Molaei Qelichi, M., Hajilo, M., 2017. A multiple criteria decision-1413 

making approach to evaluate the sustainability indicators in the villagers’ lives in Iran with 1414 
emphasis on earthquake Hazard: A case study. Sustainability, 9(8), 1-14. 1415 

 1416 
Najafi, M., Ardalan, A., Akbarisari, A., Noorbala A.,, Jabbari H., 2015. Demographic determinants of 1417 

disaster preparedness behaviors amongst Tehran inhabitants, Iran, PLoS Curr. 7. 1418 
https://doi.org/10.1371/currents.dis. 976b0ab9c9d9941cbbae3775a6c5fbe6. 1419 

 1420 
Najafi, G., Ghobadian, B., Tavakoli, T., Buttsworth, D.R., Yusaf, T.F., Faizollahnejad, M., 2009. 1421 

Performance and exhaust emissions of a gasoline engine with ethanol blended gasoline fuels 1422 
using artificial neural network. Applied Energy, 86, 630-639. 1423 

 1424 
Nallusamy, S., Sri Lakshmana Kumar, D., Balakannan, K., Chakraborty, P.S., 2015. MCDM Tools 1425 

Application for Selection of Suppliers in Manufacturing Industries Using AHP, Fuzzy Logic and 1426 
ANN. International Journal of Engineering Research in Africa, 19, 130-137. 1427 

 1428 
Nazmfar, H., 2019. An integrated approach of the analytic network process and fuzzy model mapping 1429 

of evaluation of urban vulnerability against earthquake. Geomatics, Natural Hazards and Risk, 10 1430 
(1), 1512-1528. 1431 

 1432 
Neaupane, K.M., Piantanakulchai, M., 2006. Analytic network process model for landslide hazard 1433 

zonation. Eng. Geol. 85, 281–294. doi: 10.1016/j.enggeo.2006.02.003. 1434 
 1435 
Nedic, V., Despotovic, D., Cvetanovic, S., Despotovic, M., Babic, S., 2014. Comparison of classical 1436 

statistical methods and artificial neural network in traffic noise prediction. Environmental Impact 1437 
Assessment Review, 49, 24–30. 1438 

 1439 
Nilashi, M., Ahmadi, H., Ahani, A., Ravangard, R., & Bin Ibrahim, O., 2016. Determining the 1440 

importance of hospital information system adoption factors using fuzzy analytic network process 1441 
(ANP). Technological Forecasting and Social Change, 111, 244-264. 1442 

 1443 
Ningthoujam, M.C., and Nanda, R.P., 2018. A GIS System Integrated with Earthquake Vulnerability 1444 

Assessment of RC Building. Structures, 15, 329–340. 1445 
 1446 

https://doi.org/10.1371/currents.dis.%20976b0ab9c9d9941cbbae3775a6c5fbe6
https://www.scientific.net/author-papers/s-nallusamy
https://www.scientific.net/author-papers/d-sri-lakshmana-kumar
https://www.scientific.net/author-papers/k-balakannan-1
https://www.scientific.net/author-papers/p-s-chakraborty
https://www.tandfonline.com/doi/abs/10.1080/19475705.2019.1588791
https://www.tandfonline.com/doi/abs/10.1080/19475705.2019.1588791


38 
 

Nyimbili, P.H., Erden, T., Karaman, H., 2018. Integration of GIS, AHP and TOPSIS for earthquake 1447 
hazard analysis. Nat. Hazards, 92, 1523–1546. 1448 

 1449 
 1450 
Omidvar, B., Gatmiri, B., Derakhshan, S., 2012. Experimental vulnerability curves for the residential 1451 

buildings of Iran. Nat. Hazards, 60 (2), 345–365. 1452 
 1453 
Panahi, M., Rezaie, F., Meshkani, A.S., 2014. Seismic vulnerability assessment of school buildings in 1454 

Tehran city based on AHP and GIS. Nat. Hazards Earth Syst. Sci. 14, 969–979. 1455 
 1456 
Panakkat, A., Adeli, H., 2007. Neural network models for earthquake magnitude prediction using 1457 

multiple seismicity indicators. Int. J. Neural Syst. 17, 13–33. 1458 
 1459 
Pelling, M., Wisner, B. Disaster Risk Reduction: Cases from Urban Africa; Routledge: London, UK, 1460 

2012. 1461 
 1462 
Peng, Y., 2015. Regional earthquake vulnerability assessment using a combination of MCDM 1463 

methods. Ann. Oper. Res. 234, 95–110.  1464 
 1465 
Paola, J.D., Schowengerdt, R.A., 1995. A review and analysis of back propagation neural networks 1466 

for classification of remotely sensed multi-spectral imagery. Int. J. Rem. Sens. 16, 3033–3058. 1467 
 1468 
Plaza, F., Salas, R., and Nicolis, O., 2019. Assessing Seismic Hazard in Chile Using Deep Neural 1469 

Networks. IntechOpen, DOI: 10.5772/intechopen. 83403. 1470 
 1471 
Pradhan, B., Lee, S., 2010a. Regional landslide susceptibility analysis using back-propagation neural 1472 

network model at Cameron Highland, Malaysia. Landslides, 7(1), 13–30. 1473 
 1474 
Pradhan, B., Lee, S., 2010b. Landslide susceptibility assessment and factor effect analysis: back-1475 

propagation artificial neural networks and their comparison with frequency ratio and bivariate 1476 
logistic regression modeling. Environ. Modell. Softw. 25(6), 747–759. 1477 

 1478 
Pradhan, B., Lee, S., 2010c. Delineation of landslide hazard areas on Penang Island, Malaysia, by 1479 

using frequency ratio, logistic regression, and artificial neural network models. Environ. Earth. 1480 
Sci. 60 (5), 1037–1054. 1481 

 1482 
Pradhan, B., Hasan, H.A., Jebur, M.N., Tehrany, M.S., 2014. Land subsidence susceptibility mapping 1483 

at Kinta Valley (Malaysia) using the evidential belief function model in GIS. Nat. Hazards, 73 1484 
(2), 1019–1042. https://doi.org/10.1007/s11069-014- 1128-1. 1485 

 1486 
Rahman, N., Ansary, M.A., Islam, I., 2015. GIS based mapping of vulnerability to earthquake and fire 1487 

hazard in Dhaka city, Bangladesh. Int. J. Dis. Risk Reduct. 13, 291–300. 1488 
 1489 
Ramakrishnan, D., Singh, T.N., Purwar, N., Barde, K. S., Gulati, A., Gupta, S., et al. 2008. Artificial 1490 

neural network and liquefaction susceptibility assessment: A case study using the 2001 Bhuj 1491 
earthquake data, Gujarat, India. Computational Geoscience, 12, 491–501. 1492 

 1493 



39 
 

Ranjbar, H.R., Dehghani, H., Ardalan, A.A., Saradjian, M.R., 2017. A GIS-based approach for 1494 
earthquake loss estimation based on the immediate extraction of damaged buildings. Geomat. 1495 
Nat. Haz. Risk. 8 (2), 772–791. 1496 

 1497 
Ranjbar, H.R., and Nekooie, M.A., 2018.  An improved hierarchical fuzzy TOPSIS approach to 1498 

identify endangered earthquake-induced buildings. Engineering Applications of Artificial 1499 
Intelligence, 76, 21–39.  1500 

 1501 
Rasoolimanesh, S.M., Badarulzaman, N., & Jaafar, M., 2012. City development strategies (CDS) and 1502 

sustainable urbanization in developing world. Procedia – Social and Behavioral Sciences, 36, 1503 
623–631. 1504 

 1505 
Rashed, T., and Weeks, J., 2002, Assessing vulnerability to earthquake hazards through spatial 1506 

multicriteria analysis of urban areas. International Journal of Geographical Information Science, 1507 
17, 547–576. 1508 

 1509 
Rezaei-Malek,  M., Torabi, S.A., Tavakkoli-Moghaddam, R., 2019. Prioritizing disaster-prone areas 1510 

for large-scale earthquakes' preparedness: Methodology and application. Socio-Economic 1511 
Planning Sciences, 67, 9–25. 1512 

 1513 
Rezaie, F., Panahi, M., 2015. GIS modeling of seismic vulnerability of residential fabrics considering 1514 

geotechnical, structural, social and physical distance indicators in Tehran using multi-criteria 1515 
decision-making techniques. Nat. Hazards Earth Syst. Sci. 15, 461–474. 1516 

 1517 
Rodcha, R., Tripathi, N.K., and Rajendra Prasad Shrestha, R.P., 2019. Comparison of Cash Crop 1518 

Suitability Assessment Using Parametric, AHP, and F-AHP Methods. Land, 8(5), 79; 1519 
https://doi.org/10.3390/land8050079. 1520 

 1521 
Roy, A., Kim, L.S., and Mukhopadhyay, S., 1993. A polynomial time algorithm for the construction 1522 

and training of a class of multilayer perceptrons. Neural Networks, 6 (4), 535–545, 1993. 1523 
 1524 
Saaty, T.L., 1980. The analytic hierarchy process. McGraw-Hill, New York. 1525 
 1526 
Saaty, T.L., 1990. How to make a decision: the analytic hierarchy process. Eur J Oper Res. 48(1):9–1527 

26. DOI: 10.1016/0377-2217(90)90057-I. 1528 
 1529 
Safa, M., Samarasinghe, S., 2011. Determination and modelling of energy consumption in wheat 1530 

production using neural networks: “a case study in Canterbury province, New Zealand” 1531 
Energy, 36 (8), 5140-5147. 1532 

 1533 
Salarian, T., Zare, M., Jouri, M.H., Miarrostami, S., Mahmoudi, M., 2014. Evaluation of shallow 1534 

landslides hazard using artificial neural network of Multi-Layer Perceptron method in Subalpine 1535 
Grassland (Case study: Glandrood watershed - Mazandaran). Intl. J. Agri. Crop Sci. 7 (11), 795-1536 
804. 1537 

 1538 
Samadi Alinia, H., Delavar, M.R., 2011. Tehran’s seismic vulnerability classification using granular 1539 

computing approach. Appl. Geomat. 3 (4), 229–240. 1540 
 1541 

https://www.mdpi.com/search?authors=Rujee%20Rodcha&orcid=0000-0003-4486-7813
https://www.mdpi.com/search?authors=Nitin%20K.%20Tripathi&orcid=
https://www.mdpi.com/search?authors=Rajendra%20Prasad%20Shrestha&orcid=
https://doi.org/10.3390/land8050079


40 
 

Sánchez-Lozano J.M., Bernal-Conesa, J.A., 2017. Environmental management of Natura 2000 1542 
network areas through the combination of Geographic Information Systems (GIS) with Multi-1543 
Criteria Decision Making (MCDM) methods. Case study in south-eastern Spain. Land Use 1544 
Policy, 63, 86–97. 1545 

 1546 
Sanchez-Silva, M., and Garcia, L., 2001. Earthquake damage assessment based on fuzzy logic and 1547 

neural networks, Earthquake Spectra, 17 (1), 89–112. 1548 
 1549 
Sarris, A., Loupasakis, C., Soupios, P., Trigkas, V., Vallianatos, F., 2010. Earthquake vulnerability 1550 

and seismic risk assessment of urban areas in high seismic regions: Application to chania city, 1551 
Crete Island, Greece. Nat. Hazards. 54, 395–412. 1552 

 1553 
Şen, Z., 2010. Rapid visual earthquake hazard evaluation of existing buildings by fuzzy logic 1554 

modelling. Expert Systems with Applications, 37(8), 5653-5660. 1555 
 1556 
Shabani, E., Mirzaei, N., 2007. Probabilistic seismic hazard assessment of the Kermanshah-Sanandaj 1557 

Region of Western Iran. Earthq. Spectra. 23(1), 175–197. 1558 
 1559 
Sharma, M.L., and Arora, M.K., 2005. Prediction of seismicity cycles in the Himalaya using artificial 1560 

neural network. Acta Geophys. Pol., 53, 299-309. 1561 
 1562 
Silavi, T., Delavar, M.R., Malek, M.R., Kamalian, N., and Karimizand, K., 2006. An Integrated 1563 

Strategy for GIS-Based Fuzzy Improved Earthquake Vulnerability Assessment. Proceedings of 1564 
Conference, ISPRS, The Second International Symposium on Geo-information for Disaster 1565 
Management (Gi4DM), Goa, September 25-26, 6p. 1566 

 1567 
Singh, R.K., Benyoucef, L., 2011. A fuzzy TOPSIS based approach for e-sourcing. Eng. Appl. Artif. 1568 

Intell. 24 (3), 437–448. 1569 
 1570 
Skilodimou, H.D., Bathrellos, G.D., Chousianitis, K., Youssef, A.M., Pradhan, B., 2019. Multi-hazard 1571 

assessment modeling via multi-criteria analysis and GIS: A case study. Environ. Earth Sci. 78, 1572 
47. 1573 

 1574 
Sözen, A., Arcaklioğlu, E., Özkaymak, M., 2005. Turkey‘s net energy consumption Appl. 1575 

Energy, 81 (2), 209-221. 1576 
 1577 
Sözen, A., Gülseven, Z., Arcaklioğlu, E., 2007. Forecasting based on sectoral energy consumption of 1578 

GHGs in Turkey and mitigation policies. Energy Policy, 35 (12), 6491-6505. 1579 
 1580 
Sözen, A., 2009. Future projection of the energy dependency of Turkey using artificial neural 1581 

network. Energy Policy, 37 (11), 4827-4833. 1582 
 1583 
Stein, E.W., and Norita, A., 2009. Using the analytical hierarchy process (AHP) to construct a 1584 

measure of the magnitude of consequent of moral intensity. Journal of Business Ethics, 89 (3), 1585 
391–407. 1586 

 1587 
Strunz, G., Post, J., Zosseder, K., Wegscheider, S., Muck, M., Riedlinger, T., Mehl, H., Dech, S., 1588 

Birkmann, J., Gebert, N., Harjono, H., Anwar, H.Z., Sumaryono Khomarudin, R.M., Muhari, A., 1589 



41 
 

2011. Tsunami risk assessment in Indonesia. Nat. Hazard Earth Syst. 11, 67–82. 1590 
https://doi.org/10.5194/nhess-11-67-2011. 1591 

 1592 
Su, Q., Jin, Z., Zhao, S., Li, W., Jin, L., Guo, J., 2017.  Comparative Assessment of Three Nonlinear 1593 

Approaches for Landslide Susceptibility Mapping in a Coal Mine Area. Isprs, Int. J. Geo-Inf. 1594 
6(7), 228. 1595 

 1596 
Sun, C-G., Chun, S-H., Ha, T-G., Chung, C-K. and Kim, D-S., 2008, Development and application of 1597 

a GIS-based tool for earthquake-induced hazard prediction. Computers and Geotechnics, 35, 1598 
436–449. 1599 

 1600 
Sušanj, I., Ozanic, N., and Ivan Marovic, I., 2016. Methodology for Developing Hydrological Models 1601 

Based on an Artificial Neural Network to Establish an Early Warning System in Small 1602 
Catchments. Hindawi Publishing Corporation, Advances in Meteorology, Volume 2016, Article 1603 
ID 9125219, 14 pages. 1604 

 1605 
Taha, Z., Rostam, S., 2012. A hybrid fuzzy AHP-PROMETHEE decision support system for machine 1606 

tool selection in flexible manufacturing cell. Journal of Intelligent Manufacturing, 23, 2137–1607 
2149. https://doi.org/10.1007/s10845-011-0560-2. 1608 

Tavakoli, B., Ghafory-Ashtiany, M., 1999. Seismic hazard assessment of Iran. Ann. Geophys. 42, 1609 
123–135.  1610 

 1611 
Tehrany, M.S., Pradhan, B., Jebur, M.N., 2014. Flood susceptibility mapping using a novel ensemble 1612 

weights-of-evidence and support vector machine models in GIS. J. Hydrol. 512, 332–343. 1613 
https://doi.org/10.1016/j.jhydrol.2014.03.008. 1614 

 1615 
Tian, Y., Xu, C., Hong, H., Zhou, Q., & Wang, D., 2019. Mapping earthquake-triggered landslide 1616 

susceptibility by use of artificial neural network (ANN) models: an example of the 2013 Minxian 1617 
(China) Mw 5.9 event. Geomatics, Natural Hazards and Risk, 10 (1), 1–25. 1618 

 1619 
Tien Bui, D., Ho, T.C., Pradhan, B., Pham, B.-T., Nhu, V.-H., Revhaug, I., 2016a. GIS based 1620 

modeling of rainfall-induced landslides using data mining-based functional trees classifier with 1621 
AdaBoost, Bagging, and MultiBoost ensemble frameworks. Environ. Earth Sci. 75, 1101. 1622 
https://doi.org/10.1007/s12665-016-5919-4. 1623 

 1624 
Tien Bui, D., Tuan, T.A., Klempe, H., Pradhan, B., Revhaug, I., 2016b. Spatial prediction models for 1625 

shallow landslide hazards. A comparative assessment of the efficacy of support vector machines, 1626 
artificial neural networks, kernel logistic regression, and logistic model tree. Landslides. 13, 361–1627 
378. doi: 10.1007/s10346-015-0557-6. 1628 

 1629 
Tien Bui, D., Pradhan, B., Nampak, H., Bui, Q-T., Tran, Q-A., Nguyen, Q-P., 2016c. Hybrid artificial 1630 

intelligence approach based on neural fuzzy inference model and metaheuristic optimization for 1631 
flood susceptibility modelling in a high-frequency tropical cyclone area using GIS. Journal of 1632 
Hydrology, 540, 317-330. 1633 

 1634 

https://doi.org/10.5194/nhess-11-67-2011
https://doi.org/10.1007/s10845-011-0560-2
https://doi.org/10.1007/s12665-016-5919-4
https://www.sciencedirect.com/science/article/pii/S002216941630378X#!
https://www.sciencedirect.com/science/article/pii/S002216941630378X#!
https://www.sciencedirect.com/science/article/pii/S002216941630378X#!
https://www.sciencedirect.com/science/article/pii/S002216941630378X#!
https://www.sciencedirect.com/science/journal/00221694
https://www.sciencedirect.com/science/journal/00221694
https://www.sciencedirect.com/science/journal/00221694/540/supp/C


42 
 

Umar, Z., Pradhan, B., Ahmad, A., Jebur, M.N., Tehrany, M.S., 2014. Earthquake induced landslide 1635 
susceptibility mapping using an integrated ensemble frequency ratio and logistic regression 1636 
models in West Sumatra Province, Indonesia. Catena, 118, 124–135. 1637 

 1638 
Vicente, R., Parodi, S., Lagomarsino, S., Varum, H., Silva, J.M., 2011. Seismic vulnerability and risk 1639 

assessment: Case study of the historic city centre of Coimbra, Portugal. Bull. Earthq. Eng. 9, 1640 
1067–1096. 1641 

 1642 
Villagra, P., Rojas, C., Ohno, R., Xue, M., Gomez, K., 2014. A GIS-base exploration of the 1643 

relationships between open space systems and urban form for the adaptive capacity of cities after 1644 
an earthquake: The cased of two Chilean cities. Appl. Geogr. 48, 64–78. 1645 

 1646 
Wadia-Fascetti, S., & Gunes, B., 2000. Earthquake response spectra models incorporating fuzzy logic 1647 

with statistics. Computer-Aided Civil and Infrastructure Engineering, 15, 134–146. 1648 
 1649 
Wątróbski, J., Jankowski, J., Ziemba, P., Karczmarczyk, A., Zioło, M., 2018. Generalised framework 1650 

for multi-criteria method selection. Omega, 86, 107–124. 1651 
 1652 
Wei, B., Nie, G., Su, G., Sun, L., Bai, X., Qi, W., 2017. Risk assessment of people trapped in 1653 

earthquake based on Km grid: a case study of the 2014 Ludian earthquake. China. Geomat. Nat. 1654 
Haz. Risk. 8 (2), 1289–1305. 1655 

 1656 
Wicaksono, F.D., Arshad, Y., Sihombing, H., 2020. Norm-dist Monte-Carlo integrative method for 1657 

the improvement of fuzzy analytic hierarchy process. Helion, 6(4),e03607. 1658 
 1659 
Wu, Y., Li, L., Song, Z., & Lin, X., 2019. Risk assessment on offshore photovoltaic power generation 1660 

projects in China based on a fuzzy analysis framework. Journal of Cleaner Production, 215, 46-1661 
62. 1662 

 1663 
Xu, C., Dai, F.C., Xu, X.W., 2010. Wenchuan earthquake-induced landslides: an overview, Geol. 1664 

Rev. 56 (6), 860–874. 1665 
 1666 
Xu, C., Dai, F.C., Xu, X.W., Lee, Y.H., 2012. GIS-based support vector machine modeling of 1667 

earthquake-triggered landslide susceptibility in the Jianjiang River watershed, China. 1668 
Geomorphology, 145–146, 70–80. 1669 

 1670 
Xu, C., 2015. Preparation of earthquake‐triggered landslide inventory maps using remote sensing and 1671 

GIS technologies: Principles and case studies. Geoscience Frontiers, 6(6), 825– 836. 1672 
 1673 
Yaghoobi, T., 2018. Prioritizing key success factors of software projects using fuzzy AHP. Journal of 1674 

software: Evolution and process, 30(1), e 1891. 1675 
 1676 
Yang, H., Xu, J., 2016. A Kind of Analytic Hierarchy Process and Neural Network Integrated 1677 

Evaluation Method of Teaching. International Conference on Humanity, Education and Social 1678 
Science (ICHESS 2016), 231-235. 1679 

 1680 

https://www-sciencedirect-com.ezproxy.utm.my/science/article/pii/S2405844020304527#!


43 
 

Yariyan, P., Karami, M.R., Ali Abbaspour, R., 2019. Exploitation of mcda to learn the radial base 1681 
neural network (rbfnn) aim physical and social vulnerability analysis versus the earthquake (case 1682 
study: Sanandaj city, iran). Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci.  1683 

 1684 
Yilmaz, I., 2009. A case study from Koyulhisar (Sivas-Turkey) for landslide susceptibility mapping 1685 

by artificial neural networks. Bull. Eng. Geol. Environ. 68(3), 297–306. 1686 
 1687 
Yilmaz, I., 2010. Comparison of landslide susceptibility mapping methodologies for Koyulhisar, 1688 

Turkey: conditional probability, logistic regression, artificial neural networks, and support vector 1689 
machine. Environ. Earth Sci. 61(4), 821–836. 1690 

 1691 
Yuksel, I., Dagdeviren, M., 2010. Using the fuzzy analytic network process (ANP) for balanced 1692 

scorecard (BSC): a case study for a manufacturing firm. Expert. Syst. Appl. 37, 1270–1278. 1693 
doi:10.1016/j.eswa.2009.06.002. 1694 

 1695 
Zadeh, L.A., 1965. Fuzzy sets. Information and Control, 8(3), 338-353. 1696 
 1697 
Zabihi, H., Ahmad, A., Vogeler, I., Nor Said, M., Golmohammadi, M.,  Golein, B., Nilashi, M., 2015. 1698 

Land suitability procedure for sustainable citrus planning using the application of the analytical 1699 
network process approach and GIS. Computers and Electronics in Agriculture, 117, 114–126. 1700 

 1701 
Zafarani, H., Noorzad, A., Ansari, A., Bargi, K., 2009. Stochastic modelling of Iranian earthquakes 1702 

and estimation of ground motion for future earthquakes in greater Tehran. Soil. Dyn. Earthq. 1703 
Eng. 29 (4), 722–741. 1704 

 1705 
Zamani, A., Khalili, M., Gerami, A., 2011. Computer-based self-organized zoning revisited: scientific 1706 

criterion for determining the optimum number of zones. Tectonophysics, 510, 207-216. 1707 
 1708 
Zamani, A., Sorbi, M.R., Safavi, A.A., 2013. Application of neural network and ANFIS model for 1709 

earthquake occurrence in Iran. Earth Sci. Inf. 2013, 6, 71–85. 1710 
 1711 
Zebardast, E., 2013, Constructing a social vulnerability index to earthquake hazards using a hybrid 1712 

factor analysis and analytic network process (F’ANP) model. Nat. Hazards, 65, 1331–1359. 1713 
 1714 
Zhang, J., He, P., Xiao, J., & Xu, F., 2018. Risk assessment model of expansive soil slope stability 1715 

based on Fuzzy-AHP method and its engineering application, Geomatics, Natural Hazards and 1716 
Risk, 9 (1), 389-402. 1717 

 1718 
Zhang, B. J., 2016. Analytic Hierarchy Process and Its Application Cases; Electronic Industry Press: 1719 

Beijing, China, 2014.29. Liu, C. Urban NIMBY: An empirical study based on the Hunan 1720 
Xiangtan Jiuhua waste incineration plant incident. J. Jishou Univ. 5, 95–100. 1721 

 1722 
Zhang, W., Xu, X., Chen, X., 2017, Social vulnerability assessment of earthquake disaster based on 1723 

the catastrophe progression method: A Sichuan Province case study. Int. J. Disaster Risk Reduct. 1724 
24, 361–372. 1725 

 1726 
Zhang, G., Eddy Patuwo, B., Hu, M.Y., 1998. Forecasting with artificial neural networks: the state of 1727 

the art. International Journal of Forecasting, 14, 35-62. 1728 



44 
 

 1729 
Zhang, J.S. Jia, Z.K., 2010. The study on assessment index of urban social vulnerability to earthquake 1730 

disaster, Technol. Guide, 36, 12–14. 1731 
 1732 
Zhou, H., Wang, J., Wan, J., & Jia, H., 2010. Resilience to natural hazards: a geographic perspective. 1733 

Natural Hazards, 53, 21-41. http://dx.doi.org/10.1007/ s11069-009-9407-y. 1734 
 1735 
Zoraghi, N., Amiri, M., Talebi, G., Zowghi, M. 2013. A fuzzy MCDM model with objective and 1736 

subjective weights for evaluating service quality in hotel industries. J. Indus. Eng. Int., 9, 38.  1737 
 1738 
 1739 
Web references 1740 
 1741 
International Seismological Center, ISC. <http://www.isc.ac.uk>. 1742 
Institute of Geophysics University of Tehran, IGUT. <http://irsc.ut.ac.ir>. 1743 
Statistical Center of Iran (2017). National Census, 2017. Tehran. 1744 
 1745 
 1746 
 1747 
 1748 
 1749 
 1750 
 1751 
 1752 
 1753 
 1754 
 1755 
 1756 
 1757 
 1758 
 1759 
 1760 
 1761 
 1762 
 1763 
 1764 
 1765 
 1766 
 1767 
 1768 
 1769 
 1770 
 1771 
 1772 
 1773 
 1774 

Caption 1: 1775 
 1776 

http://dx.doi.org/10.1007/


45 
 

 1777 

Year 1778 

 1779 
 1780 

 1781 
 1782 

Caption 2: 1783 
 1784 

 1785 

 1786 

 1787 

 1788 
 1789 
 1790 

Caption 3: 1791 
 1792 

Fig. 1. Earthquakes in a 150 km radius around Sanandaj City between 1920 and 2014 (Institute of 
Geophysics University of Tehran, IGUT. http://irsc.ut.ac.ir). 
 
 
 

 

Fig. 2. The case study area’s geographical location (Sanandaj City, Iran). 
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Fig. 3. Conceptual framework of the ERA based on a hybrid FAHP-ANN model. 

 

 

 

 

 

 

Table 1. Criteria selected for an earthquake vulnerability assessment of Sanandaj City. 



47 
 

 1821 

 1822 

 1823 

 1824 

 1825 

 1826 

 1827 

 1828 

 1829 

 1830 

 1831 

 1832 

 1833 

 1834 

 1835 

 1836 

 1837 

 1838 

 1839 

 1840 

 1841 

 1842 

 1843 

 1844 

 1845 

 1846 

Caption 5: 1847 

Data sources: Department of road and Urbanity (Kurdistan Province). http://www.std2800.ir/, 2. DEM 30 m 
Landsat.  https://www.usgs.gov/, 3. Iranian Geological organization. https://gsi.ir/, 4. The municipality of 
Sanandaj City. http://www.Sanandaj.ir, 5. Census Center of Iran. http://www.amar.org.ir/. 
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Fig. 4. Standardized vulnerability criteria layers used for building the FAHP-
ANN as part of an earthquake risk assessment for Sanandaj City, Iran. 
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Fig. 7.  ANN Multilayer perceptron (MLP) (Sušanj et al., 2016). 
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Table 2. The importance of the criteria used in the MLP neural network. 

Layer Criterion 

        a. Distance from the runway 
        b. Distance from the fault   
        c. Slope 
        d. Elevation 
        e. Geology 

 
 

AHP Final weight 

Environmental 0.36 

Physical 

 F. Building with quality materials 
 g. Building with no quality materials  
 h. Distance from the communication network 
  i. Building area 
  j. Number of floors 
  k. Land use 

 

Social 
l. Population density 
m. Family density  

 

0.47 

0.17 
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Fig. 8. Artificial Neural Network MLP architecture used in this study. 
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Table 3. Input parameters for implementing the MLP model. 

Application type 

 

Classification 

 

Parameters 

 
Avg. training pixels per class 

Avg. training pixels per class 

500 

500 
Input specifications 

 

Network topology 

 

Hidden layers 

Nodes 

Input Layers Node 

Output Layer 

 

1 

8 

13 

5 

 

Training parameters 

 

Automatic training dynamic 

Dynamic learning rate 

Start learning rate 

End learning rate 

Momentum factor 

Yes 

Yes 

0.001 

0.0056 

0 5 

Stopping criteria 

 

RMSE 

Iterations 

Accuracy rate 

0.1455 

10000 

95 
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Figs. 9. Earthquake vulnerability of Sanandaj City, Iran, according to three different 
models: (a) analytical hierarchy process (AHP), (b) fuzzy-AHP (F-AHP), and (c) Hybrid 
Model F- Multilayer Perceptron (F-MLP). 

 

 



56 
 

Caption 13: 2102 
 2103 

 2104 

 2105 

 2106 

 2107 

 2108 

 2109 
 2110 
 2111 
 2112 
 2113 
 2114 
 2115 
 2116 
 2117 
 2118 
 2119 
 2120 
 2121 
 2122 
 2123 
 2124 
 2125 

 2126 
 2127 
 2128 
 2129 
 2130 
 2131 

 2132 

Fig. 10. Comparison of the performance of two susceptible seismic vulnerability points (training site) in Sanandaj City 
in Iran. (a) the combined F-AHP model; (b) the F-MLP combination model. 
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Fig. 11. Curve specifications (ROC) to demonstrate the success of the analytical model. 
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Fig. 12. The process of calculating population vulnerability. 
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 2193 Table 4. Sanandaj City’s vulnerability to earthquake based on population at risk, and affected number of 
families and area 

Vulnerability class Population at risk Number of Families Area (m 2)  

Very High 

High 

Moderate 

Low 

Very Low 

15415 

45162 

75592 

67818 

130846 

4596 

13772 

22513 

21322 

41564 

10728300 

11949800 

9297200 

5445600 

4837900 

 

Percentage 

25.39 

28.28 

22 

12.88 

11.45 


