

  sustainability-10-03376




sustainability-10-03376







Sustainability 2018, 10(10), 3376; doi:10.3390/su10103376




Article



Social Vulnerability Assessment Using Artificial Neural Network (ANN) Model for Earthquake Hazard in Tabriz City, Iran



Mohsen Alizadeh 1, Esmaeil Alizadeh 2, Sara Asadollahpour Kotenaee 3, Himan Shahabi 4,*[image: Orcid], Amin Beiranvand Pour 5, Mahdi Panahi 6[image: Orcid], Baharin Bin Ahmad 7 and Lee Saro 8,9,*[image: Orcid]





1



Department of Urban Regional Planning, Faculty of Built Environment, Universiti Teknologi Malaysia (UTM), Johor 81310, Malaysia






2



Faculty of Business and Economic, Technische Universitat Bergakademie Freiberg, 09599 Freiber, Germany






3



Department of Urban Planning, Faculty of Architecture, Civil, Art, Islamic Azad University of Science and Research Branch, Tehran 14778-93855, Iran






4



Department of Geomorphology, Faculty of Natural Resources, University of Kurdistan, Sanandaj 66177-15175, Iran






5



Korea Polar Research Institute (KOPRI), Songdomirae-ro, Yeonsu-gu, Incheon 21990, Korea






6



Young Researchers and Elites Club, North Tehran Branch, Islamic Azad University, Tehran P.O. Box 19585/466, Iran






7



Department of Geoinformation, Faculty of Geoinformation and Real Estate, Universiti Teknologi Malaysia (UTM), Johor 81310, Malaysia






8



Geological Research Division, Korea Institute of Geoscience & Mineral Resources (KIGAM), Daejeon 34132, Korea






9



Department of Geophysical Exploration, Korea University of Science and Technology, Daejeon 34113, Korea









*



Correspondence: h.shahabi@uok.ac.ir (H.S.); leesaro@kigam.re.kr (L.S.); Tel.: +98-918-665-8739 (H.S.); +82-42-868-3057 (L.S.)







Received: 25 July 2018 / Accepted: 8 September 2018 / Published: 21 September 2018



Abstract

:

This study presents the application of an artificial neural network (ANN) and geographic information system (GIS) for estimating the social vulnerability to earthquakes in the Tabriz city, Iran. Thereby, seven indicators were identified and used for earthquake vulnerability mapping, including population density, household density, employed density, unemployed density, and literate people. To obtain more accuracy in our analysis, all of the indicators were entered into a geographic information system (GIS). After the standardization of the data, an artificial neural network (ANN) model was applied for deriving a social vulnerability map (SVM) of different hazard classes for Tabriz city. The results showed that 0.77% of the total area was found to be very highly vulnerable. Very low vulnerability was recorded for 76.31% of the total study area. The comparison of data provided by (SVM) and the residential building vulnerability (RBV) of Tabriz city indicated the validity of the results obtained by ANN processes. Scatter plots are used to plot the data. These scatter plots indicate the existence of a strong positive relationship between the most vulnerable zones (1, 4, and 5) and the least (3, 7, and 9) of the SVM and RBV. The results highlight the importance of using social vulnerability study for defining seismic-risk mitigation policies, emergency management, and territorial planning in order to reduce the impacts of disasters.
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1. Introduction


Earthquake disasters have very strong destructive power, a widespread range, and pose a severe threat to human life safety [1,2]. Iran has one of the highest seismic activity rates in the world, and has experienced many destructive earthquakes in the past. It is one the most vulnerable countries to major earthquake disasters [3]. The Iranian plateau is situated amongst the continental junction of the Arabian and Eurasian plates in the center point of the Alpine–Himalayan seismic belt [4]. According to the earthquakes database, more than 1,000,000 fatalities have been recorded in the past 105 years (since 1900) in Iran, which is one of the worst recorded vulnerability index cases in the world [3,5]. These earthquakes have resulted in the death of thousands of people and the destruction of many villages and cities in the country. For example, the Bam earthquake, which occurred in 2003 (Mw = 6.6) killed over 30,000 people, injured over 10,000, made 100,000 people homeless, and destroyed over 80% of the houses [3]. Based on the statistics of the Iranian plateau, the last century has witnessed 14 major earthquakes of the magnitude of 7 (on the Richter scale) and 51 earthquakes with the magnitude of 6 to 7. However, the earthquakes in Buin-Zahra (1962, Ms = 7.3), Dashte Bayaz (1968, Ms = 7.3), Tabas (1978, Ms = 7.8), Sirch (1981, Ms = 7.3), and Manjil (1990, Ms = 7.7) are other examples [3,6].



It is very difficult to predict earthquakes accurately with the currently available technologies. Vulnerability reduction is a core element of managing or reducing disaster risk, and has been identified as the most significant prerequisite for resilience under degrees of exposure to disasters. Therefore, to reduce the damage caused by earthquake disasters, it is particularly important to study the assessment of social vulnerability to earthquake disasters. Timely and effective disaster risk management strategies not only rely on an adequate understanding of the disaster itself, but should also explore the sense of exposure and vulnerability in the society [7]. The probability of a natural disaster having effects that are more devastating in one place than in another deeply depends on the local vulnerability components of the affected society, such as its sociocultural and economic environment. Indeed, there is an important correlation between the potential risk and the social resistance and resilience of a specific place. Social vulnerability analyses aim to understand which population groups may be the most vulnerable to the impacts of natural hazards and identify the key factors that affect social vulnerability [8]. The results of social vulnerability study can be used in the future for risk management decisions, including risk reduction, prevention, and mitigation [9]. Social vulnerability describes the characteristics of a person or group and their situation that influence their capacity to anticipate, cope with, resist, and recover from the impact of a natural hazard. Socially vulnerable groups are victims who tend to be treated as groups with special needs; these people experience higher social vulnerability, which means that they are more at risk than others are [10].



The concept of social vulnerability within the disaster management context was introduced in the 1970s when researchers recognized that vulnerability also involves socioeconomic factors that affect community resilience [11,12,13,14]. Based on the engineering-based paradigm, research on disasters emphasizes the exposure, risk, and assessment of vulnerability to biophysical threats [15,16,17,18]. However, over the years, a growing number of studies have opposed this viewpoint, but instead considered disasters as social constructs [19,20,21,22,23,24,25]. In the study, the hazards resulting in social vulnerability result in low ability, based on social attributes and contexts, of a group of persons who are exposed to a larger likelihood. For these groups of people, the impact of a disaster presents more difficulties in recuperating from a disaster. The common understanding of vulnerability and its measurability are a means of addressing disasters by setting targets and managing the consequences [26,27,28,29,30]. Due to its complexity, scholars currently have different definitions for the concept of social vulnerability. Koks et al. [31] considered social vulnerability as the ability to deal with disasters. Chen et al. [32] indicated that social vulnerability influences people’s ability to make full pre-disaster preparations under the pre-existing conditions, and to recover from post-disaster reconstruction. Clark et al. [33] discussed social vulnerability in reference to the extent of damage caused by a disaster suffered by specific social groups, organizations, or countries [33]. Bankoff et al. [34] noted that vulnerability is the key to understanding risk in attempts to break away from the attitudes that have characterized the relationships between human societies and their environment. Understanding vulnerability requires more than a simple understanding of societies and their environment; social vulnerability is also about people, their perceptions, and knowledge. However, vulnerability is not a property of social groups or individuals, but rather is embedded in complex social relations and processes. Several other definitions can also be found in the literature. For example, Burton et al. [35] emphasized that social vulnerability is related to all kinds of changes, including natural, social, and individual changes, which expose people to the risk of disaster.



Recently, Rygel et al. [36] developed a method for aggregating vulnerability indicators to obtain a composite social vulnerability index. They identified the indicators of social vulnerability to storm surges associated with hurricanes by reviewing the vulnerability assessment literature. Collins et al. [37] studied the environmental hazards vulnerability in the Ciudad Juarez (Mexico) and El Paso (USA) metropolis. They used the method proposed by Cutter et al. [38] to obtain a social vulnerability index. Wood et al. [39] deciphered community variations in social vulnerability to Cascadia-related tsunamis in the United States (US) Pacific Northwest, by adapting the social vulnerability index (SoVI) at the census-block level [40]. Bjarnadottir et al. [41] developed a coastal community social vulnerability index (CCSVI) for hurricane-prone areas and applied it to Miami-Dade County, Florida, as a case study. Zhang et al. [42] applied a rough set to construct an evaluation model of social vulnerability based on catastrophe progression. Following in-depth literature research, an assessment model of social vulnerability to the earthquake disaster in Sichuan Province, China, based on the catastrophe progression method was established. A rough set attribute reduction method was adopted to eliminate irrelevant social vulnerability indicators and optimize the proposed model. Finally, a catastrophe progression method for social vulnerability to earthquake disaster is developed to overcome the subjectivity of the index weight assignment of social vulnerability indicators in the currently used social vulnerability assessment method. Thiri [43] analyzed the relationship between the environmental migration and social vulnerability of 30 municipalities affected by the 2011 Great East Japan Earthquake Disaster in Miyagi Prefecture. Firstly, the impact of the disaster on migration is estimated using an interrupted time series analysis. Subsequently, migration estimates are regressed using municipality-level data on the impact of the disaster and social vulnerability indicators. In addition, three counterfactuals were created where migration in the absence of the disaster was estimated using different forecasting methods. Cerchiello et al. [44] addressed the assessment of the social vulnerability and resilience level of the city of Nablus, Palestine, which is a region affected by seismic events and political conflicts. The method employed is the scorecard approach (SA), which is a self-assessment and participatory tool that measures resilience with qualitatively derived information at two different urban levels, including population and local administration.



Disaster planning research and management in Iran has focused on the physical aspects of vulnerability and the estimated economic losses due to damaged buildings and infrastructure [3,45,46,47,48], thus neglecting the socioeconomic vulnerability component. This study aims to investigate this problem by assessing the social aspect of vulnerability to earthquake hazard using an artificial neural network (ANN). The innovation of this paper addresses three points. First, earthquake disaster occurred frequently in East Azarbaijan Province, but the government and the public’s disaster prevention and mitigation response measures were not perfect. Few scholars have chosen to research this region; however, this study chose East Azarbaijan Province as a new research area to provide the basis for disaster risk management departments’ decision-making. Second, the determination of the index weights is a difficult problem in the current social vulnerability research literature. The subjectivity of the weighting methods, such as analytic hierarchy process (AHP) or technique for order of preference by similarity to ideal solution (TOPSIS), (AHP) or TOPSIS, has a significant effect on the evaluation results. To solve the problem of weighting, this paper applies the analytical hierarchy process. Third, the ANN-based method here presented meets the requirements demanded for earthquake prediction. This is because current approaches for vulnerability assessment are difficult to implement in a country such as Iran. The computational models derived from artificial neural networks (ANN) [49,50] can help evaluate earthquake vulnerability despite the inherent and ambiguous nature of earthquakes. The ANN systems can sequentially process information from interconnected units, which reply to inputted variables. These variables include weights, threshold, and transferable mathematical functions. In theory, each unit processes inputs from added units before transferring the signals to another unit in the link. This enhances the capability of the ANN to address complex problems with large data sets and intricate nonlinear relations that comprise numerous diverse alternatives [51]. Furthermore, ANN can recognize complex patterns in data sets that conventional computational procedures are incapable of solving [52,53]. In addition, it delivers consistent predictions, even through uncertain or noisy data [42,54,55,56]. Consequently, the ANN can effectively generate classified vulnerability maps that originate from complex interactions compared to other classic models, including regression. Moreover, this investigation aims to expose the social vulnerability of Tabriz to an earthquake and discover the statistical findings of a spatial approach. Correspondingly, we wish to introduce a less-known geographical region to broad readerships, and in this way expand the empirical proof of vulnerability assessment. A new research framework was developed to assess the issues of urban social vulnerability by taking Tabriz as a case city and earthquakes as a hazard. This study is helpful in identifying the most and least vulnerable zones in the Tabriz city, and eventually promotes the development of mitigation policies that anticipate the difficulties that accompany urbanization processes and regional demographic shifts.




2. Materials and Methods


2.1. Study Area


Tabriz is located in the northwest of Iran (38.08° N, 46.25° E). The city is known as the capital of the province of East Azerbaijan, and is located NW of Iran at 38.08° N and 46.25° E. It consists of nine municipality zones with about 24,559.13 hectares of land area (Figure 1). According to the last census of the Iranian Statistics Center in 2011, Tabriz city has a population of over 1,398,060 [57]. Tabriz county has a population of about 1,579,312 (Tabriz County Governorship, 2011), whereas statistics on the census revealed that the population expanded from 971,482 to 1,545,491 persons at a rate of 1.6 over time. The latest data indicates that Tabriz has experienced significant growth in its population from 1986–2011. Tabriz is the fourth most populated dense city in Iran (besides Tehran, Mashhad, and Esfahan), and serves as a major center for heavy industry and manufacturing. These include industries for automobiles, machine tools, cement production, oil, and petrochemicals. Furthermore, Tabriz has a rich history along with many historical monuments that have been substantially damaged by repeated devastating earthquakes and numerous invasions during the frequent wars [58]. Tabriz city is situated in the vicinity of the North Tabriz Fault (NTF), which is one of the major seismogenic faults [59]. In this region, a large amount of geological and tectonic evidence has been collected to understand the pattern of faulting and its relation to observed seismicity [60]. Earthquake focal mechanisms specify that the WNW trending, right-lateral strike slip comprises many regional faults [61]. Historical records indicate that the previous two large earthquakes that took place on the NTF occurred on adjacent segments 60 years ago around the 18th century [62]. The original earthquake occurred in 1721 with a magnitude of 7.3 on the Richter scale. Starting at 37.90° N, 46.70° E [63], the disaster ruptured along the southeast beside the NTF, stretching over 39 km. The second occurred in 1780 (Ms 7.4), breaking the northwestern section with an epicenter situated at 38.12° N, 46.29° E producing a surface rupture of approximately 100 km in length [63]. Based on the topography of the area under study, the slope decreased marginally from east to west, opening at the basin of Tabriz. The earthquake focal solutions of past earthquakes and global positioning system (GPS) constraints of NW Iran were conducted by Jackson 1992 and McClusky et al. [64]. The results demonstrated that a 22 ± 2 mm/year convergence exists between the northward shift of the Arabian plate compared to the Eurasian plate, which results in the appearance of many thrusts and strike-slip faults in the region. Based on the probabilistic and deterministic evaluation, many seismologists predict that a strong earthquake is likely to happen in Tabriz in the coming future [65].




2.2. The Data Sets Used


Processing of the data for this research was based on the types of data, including data from primary and secondary sources. The primary data were collected using field observations and the distribution of a questionnaire among experts. The sample size is calculated according to the Morgan Table. The use of the sample size determination formula for the ‘known’ population is not necessary, since the table contains all of the provisions that are required to obtain the requisite size of the sample [66,67]. However, secondary data were collected from different public and private organizations.



The questionnaire was filled out by 10 experts and academics at the geography and urban planning department of the University of Tabriz, and the road and urbanity organization of East Azarbaijan province. The maps of vulnerability can be drafted without accounting for the discrete criteria and indicators that cause heterogeneity in the area of the study. Essentially, this is the most critical aspect of the entire approach; it is required to ensure the adequate selection of the criteria and indicators that account for the complete vulnerability of urban areas in the city of Tabriz. The selection of indicators is an exceedingly laborious aspect of the method, since it comprises the creation of a spatial database for a geographic information system (GIS). Subsequently, the database of GIS enhances serves as input scenarios for earthquake vulnerability analysis during urban earthquakes. Given the objective of this study, the collection of data was performed according to literature-based indicators and a questionnaire surveys from experts.



For this research, a total of 24 social vulnerability (SV) and earthquake hazard indicators for Tabriz city are outlined. Therefore, academics at the geography and urban planning department of the University of Tabriz, along with the road and urbanity organization of East Azarbaijan province, were selected as experts in this study. These specialists were requested to rate the significance of the outlined indicators of vulnerability linked to urban earthquakes in Tabriz, ranging from the most significant to the least [68]. Consequently, seven indicators were selected and emphasized as indicators related to social vulnerability to earthquakes in the Iranian city of Tabriz. The importance index of specific indicators is subsequently calculated according to the relative importance index (RII) (Equation (1)), which typically range from 0 to 1. The indicators with RII <0.50 were eliminated from the analysis herein.


  Relative   Importance   Index   ( RII ) =     ∑ i 5   W i     A × N      



(1)




where W is the weight assigned to individual factors by respondents. This can range from one to five, whereas A is the maximal weight (A = 5 in this study), and lastly, N is the number of respondents.



Finally, a total of 17 indicators obtained from the RII with values of <0.50 were acquired, while the remainder was highlighted as nearly or similarly important (RII ≥ 0.50). The indicators with <0.5 as earlier mentioned are considered insignificant indicators [69,70]. Therefore, these indicators will not be adopted for analyses. Finally, seven indicators were selected as an input for ANN, including the densities of the population, men, women, literate people, household, employed, and unemployed people. The proposed methodology used in this study is involved in several stages, as illustrated in Figure 2.




2.3. Classification and Standardization


Various methods for the mathematical classification of data typically exist in GIS-based software. The methods are constructed on equivalent intervals, manual/natural breaks, or reflections of statistics [71]. In this study, the method of manual classifiers was adopted to recategorize three vulnerability classes based on different values. Therefore, the classification of all of the required layers was initially based on several criteria. These included the density of commercial buildings, learned persons, employed and unemployed individuals, population, and households. Next, all of the layers have been divided into five hazard classes such as very unsuitable, unsuitable, moderate, suitable, and very suitable. The density was subsequently calculated from the kernel density function in the software ARC GIS (version 10.2). The selected radius was 320 with a cell size of 10 (i.e., 10 ×10 m). The layer classification was adopted in this phase to define the position of the entire indicators, as it relates to vulnerability zones in various parts of Tabriz. Figure 3 shows the urban social vulnerability indicators produced by GIS in this study. Due to the multiple indicators adopted, each indicator bears a distinct scale value range that necessitates standardization. The process of standardization offers membership significance based on each criterion’s utility, as shown in Figure 4 for this analysis.




2.4. Artificial Neural Network (ANN)


The mathematical models of human perception based on ANNs can be adapted to perform specific tasks based on empirically available data. In the absence of relationships between data, ANN becomes a dominant modeling tool [51,72,73,74,75,76]. The mathematical and theoretical background of ANNs is described in detail by numerous researchers [52,53]. Consequently, only a short explanation is presented hereafter. To sum up, ANN involves layers with a selection of neurons or nodes, which can transform input into output data. Normally, ANN comprises three layers containing input, output, and hidden layers, along with the intermediate areas among them [77]. Among the many aspects that distinguish a neural network from others is its architecture. The architecture presented in this study shows the connectivity patterns among the nodes. This inference is based on the method of defining the connecting weights and activation role [53]. There are two approaches for determining the neural networks architecture: namely, the number of layers (typically single layer, bi-layer, or multi-layer), and the directional flow of information and processing (typically feedforward and recurrent).



The most common ANN is the multi-layer perceptron (MLP) network presented in Figure 5 comprising of three layers, namely input, output, and hidden layers, and the area among them [78]. In this work, the presented algorithms are derived from feedforward multi-layer perceptron (MLP) ANNs that contain distinct layers of hidden neurons amongst the input and output. Hence, the layers of consecutive neurons in MLPs are completely intersected with connection weights that are trainable and control the connections’ strength. The training of an ANN is defined by the back-propagation rule of learning. This is an algorithm for iterative gradient descent that is designed to diminish the mean square error between the desired vectors for the target and actual output. It noteworthy to state that the method of gradient descent occasionally experiences slow convergence. This is typically attributed to the presence of various local minima that may also influence the final training results. Such problems are addressed by repeated training by reorganizing the preliminary conditions and the verification of each training process that resulted in similar convergent findings in terms of the R2 and RMSE. This can be accomplished by increasing the variables until the improvements that are obtained are negligible. The optimal architecture of ANN is described based on the total neurons and hidden layers. However, the best strategy begins with an easy architecture for ANN, typically with a single layer of limited hidden neurons. The ANN was trained by a subclass of data available for testing, whereas the remaining data set was compared with the training and testing errors. Next, the ANN structure is enlarged by the addition of neurons and hidden layers. The training and testing are subsequently repeated, and errors are recomputed until further changes with a negligible decrease of the training error and an increase in the test error in the ANN architecture are obtained. This procedure permits the definition of the minimal ANN architecture that is suitable for providing an adequate fit for the training data that can avert problems with overfitting. The concept of overfitting is associated with the oversizing of the ANN, which causes substantial errors when the input data for testing the ANN is not part of the set for training [79,80]. However, the ANN can accurately replicate the training, although it typically fails the procedural test [81].



The data is received from the input layer located at different locations such as the thematic layers. Thus, the layers of input neurons require a number of input sources of data. Therefore, the actively processed data exists in the hidden and output layers. However, the number of hidden layers and its neurons is determined by trial and error [82,83]. The number of neurons in the output layers is determined by the application, which for this study is represented by the mapped class. The hidden neuron of each responds to the weighted inputs it receives from the connected neurons at the previous input layer [56]. When the weighted input sums to every hidden neuron are determined, the neuron’s activation is specified through the transfer functionality. As a result, the signal flow from the input is termed x1 to xn, which is assumed to be unidirectional as revealed by arrows, which signify the output signal flow (0) of the neuron. Therefore, the output signal 0 of the neuron is represented by the relationship:


  0 = f ( n e t ) = f  (     ∑  j = 1  n   w j   x j     )   



(2)




where    W j    are the weight vector, and the function f (net) is referred to as an activation (transfer) function? The variable netis is defined as a scalar net product of the weight and input vectors:


  n e t =  w T  x =  w 1   x 1  + … +  w n   x n   



(3)




where T is the transpose of a matrix, and, in the simplest case, the output value 0 is computed as:


  0   =   f  (  n e t  )  =    {          1   if    w T  x ≥ θ       0   otherwise        



(4)




where  θ  is called the threshold level, and this type of node is called a linear threshold unit [84].




2.5. Data Analysis


The social vulnerability (SV) to the hazards of earthquakes in Tabriz city was assessed using the multi-layer perceptron (MLP). The MLP was operated in the mode for hard classification using the software IDRISI software (version 17.1, Clark University, Worcester, MA, USA). Next, the opening indicator weights were randomly selected to begin the process of training. The data for the raster training sites were classified as byte or integer category-type files. The process of training decreases the errors in the output and real data of the ANN by modifying the weight-based algorithm [76]. For every category in the files for site training, the numerical pixels for each class were randomly allocated between the training and testing routines. In addition, the total pixels adopted are specified by the ratio among the specified numbers of the maximal training and testing pixels. Based on the similar values for every entry, the pixels are divided at a ratio of 1:1. On the whole, the range is from hundreds to thousands, as opposed to the high number of pixels per category.



For this study, 700 pixels in each class on average for training and testing in the city of Tabriz (see Table 1) was selected. The results of the analysis and testing pixels were validated using the training pixels. The topology of the network was comprised of 10 nodes per each hidden layer, with five layers each of input and output nodes. The total layers of input were identified by a number of images, whereas the layers of output were by the categories of the training site in the file for training. The following steps account for the parameters for training in which the crucial aspect involves the learning rate. Typically, this is a positive constant, which controls the modification performed on the connecting weights. Therefore, automatic training and the dynamic rate of learning were utilized. In theory, automatic training amends the rate of learning during the training process. The use of dynamic learning requires input for the start-learning and end-learning rates. Hence, the inputted learning rate and momentum factor are 0.01 and 0.5, correspondingly. When the learning rate is minimized, the time in the training phase increases; however, a large rate of training results in poor results characterized by inconsistent adjustments. In this study, the momentum factor was adopted to promote the procedure for convergence. Typically, the criteria to terminate the procedure is ensured by making the necessary adjustments. Lastly, the measurement of the acceptable error from the RMS (root mean square) related to network learning:


  RMS =       ∑ p     ∑ k     (  t  p k   −  o  p k   )  2          P × N    



(5)







The RMS determined in this study was 0.1168, and is adequate with respect to the IDRISI default of 0.5. However, if the acceptable error is very small, it will be challenging for the results to converge. Therefore, additional iterations could result in over-training. The training procedure was subsequently terminated at the specified iterations of 15,000. Lastly, the rate of accuracy was according to the characteristics of the sampling training and categorized testing pixels.



Based on this analysis, the overall accuracy of 95.66% was recorded for the testing data using an ANN. This specified rate was according to the characteristics of the sample training and testing pixels for the category. The last stage of ANN analysis was the drafting of the social vulnerability map (SVM) and earthquake vulnerability map. To accomplish this, the trained and tested architecture for ANN was subjected to the derivative sets of data to produce the SVM of the area under study. After the SVM was produced, the map was imported into the GIS environment. Next, the raster map was adapted into the vector format whilst processing the Dissolve function required to compute the city’s vulnerability based on the area per hectare (Table 2).





3. Results


This study has been concerned exclusively with the construction of a set of composite indicators for social vulnerability assessment (SVA) in the context of earthquake hazards, which was proposed and implemented on real data of statistical units of municipality zones in Tabriz city. After computing the scores for the seven social indicators, the next step is first visualizing the obtained results for a better understanding of earthquake vulnerability for the nine municipality zones in Tabriz, and then validating the results. The constructed composite indicators in this study are expressed via the ArcGIS software. Visualization of the results represents a better understanding of the variation of the resilience level. The results clearly illustrate the difference between the north and south of the city.



Results indicate that Tabriz city is largely categorized into five (5) vulnerable zones. These include very high, high, moderate, low and very low, which are based on the seismic hazards related to the future occurrence of earthquakes. It is noteworthy to state that the five (5) categories were applied to highlight that specific regions are more vulnerable than others. After computing the scores for the social vulnerability index and the five (5) indicators for social vulnerability, the synthetic social vulnerability scores were subsequently displayed as a five-category map through ArcGIS (10.3). As shown in Table 2, the differences in the vulnerability levels are observable within the study area. The findings demonstrate that of the total area, 0.77% can be described as highly vulnerable. Therefore, the vulnerable zones that are described as high, moderate, and low signify 2.11%, 4.04%, and 16.77% of the area, respectively. The low vulnerability study area accounted for 76.31% of the total. Taking into account the municipal zones map and SVM of Tabriz, the vulnerability levels of the numerous zones are presented in Figure 6. However, selected regions of Tabriz are located in the moderate-to-high hazard seismically zones. For nine zones in Tabriz, the seismic vulnerability reveals that many zones in the city are situated in a low to medium threshold of damage.



However, the south and southeast regions of the city are in suitable condition based on vulnerability. Given this, the zones such as 5, 4, and 1 are considered highly damaged areas. The maximal seismic vulnerability was observed in zone 5 due to its higher density of buildings in an area classified as one of the oldest in the city of Tabriz. The highest population among the nine zones in the city is zone 5, which has high probabilities of human casualties from potential earthquakes in this area. Other extremely populated areas are zone 4 and 1. Moreover, the highest buildings density in Tabriz can be found in zones 5, 4 and 1. Based on the data provided by SVM, zone 5 is classified in the very high and high vulnerability categories based on the values of 21.77% and 22.39%, respectively. As stated, the second most vulnerable area is zone 4, with 0.93% and 41.69%, which is categorized as very high and high vulnerability, respectively. Lastly, the third most precarious zone in Tabriz is zone 1, with 9.68% and 15.60%, which is categorized as very high and high vulnerability (see Figure 6, Table 3).



Conversely, the high social vulnerability score for these zones are based on different factors. To begin with, the higher population density in zone 5 exposes people to earthquakes. Consequently, the casualties, losses, and social vulnerability to earthquakes is significantly higher. Secondly, the level of regional economic development determines the quality of public infrastructure. Therefore, higher regional economic development ensures the availability of community service facilities, which includes better disaster response and recoverability. The public infrastructure in zone 5 is at a lower level than other zones, which means its social vulnerability to earthquakes is comparatively higher. Furthermore, the critical areas of zones 5, 4, and 1 are responsible for the vulnerability of some areas of Tabriz city, particularly at locations near the North Tabriz Fault (NTF). On the other hand, zone 8 with 100% very low vulnerability categories, shows the lowest vulnerability. Then, zone 7, with 1.72% and 98.02% in the low and very low vulnerability categories, is the second least vulnerable zone among the zones. Thereafter, zone 9 with 99.5% and 0.13% in low and very low vulnerability categories is classified as the third least vulnerable zone.



The social vulnerability in the selected zones is low due to the rebuilding efforts of the community and government. The use of high-quality building materials, robust designs, and the construction of houses with fewer levels has been implemented. In addition, the provision of generous subsidies and employment opportunities for victims by the government has prominently improved income levels. It stands to reason that higher per capita incomes result in wealth accumulation by families, and by extension stronger access to community resources. Lastly, the increased access to health-care services and facilities was increased by the government.



However, it is obvious that the northern regions of the city have a relatively better situation. This study estimated the southern parts of the city are faced with the highest earthquake risk. According to their final report, regions 5, 4, and 1 were defined as the most dangerous areas, which are so close to the North Tabriz Fault (NTF) and will experience the high seismic intensity and population damages. In fact, the spatial outcome of the SVM shows that such administrative subdivision in Tabriz can help better understand and synthesize the general characteristics of the city in relation to social vulnerability, and which of the systems have a major role in the different areas of the city. These results point to the heterogeneous spatiality distribution of SV, which affects the overall vulnerability of the city in different ways and with different intensities. This suggests the need to intervene in all of the systems to enhance the overall city’s resilience. On the other hand, interventions in Circumscription 1, which presents a higher SVA, can be considered as a priority in order to reduce the social vulnerability to earthquakes in Tabriz.




4. Discussion


The concept of social vulnerability stimulates people to make forehand preparations against disasters. These arrangements made during pre-existing conditions can enhance the capacity for communities to recuperate during the period of post-disaster reconstruction. As such, the concept is a social construct that exposes the stratification and disparity between different people, groups, or places. Therefore, the reduction of social vulnerability necessitates considerations for the fundamental features of the socioeconomic and local terrain. However, there is a lack of consistent metrics for evaluating social vulnerability to earthquakes. Currently, the indicators of social vulnerability are developed from statistical data. Therefore, the data that is available significantly influences the selection of indicators, which is a process that depends on readily quantifiable variables, although these might not be accurate for assessing social vulnerability. Cutter et al. (2003) [40] created social vulnerability indicators that are described in a statistical yearbook published in the United States.



In Iran, as a developing country, a social vulnerability can play a greater role in the overall vulnerability to natural hazards than elsewhere [85,86,87,88]. Consequently, in order to reduce vulnerability, risk-reduction strategies must consider as much as possible the population’s characteristics and ensure that the population knows how to act in emergency situations. Similarly, institutions must have a clear picture of what preventive measures can be employed, both at the individual and the community level, to reduce the risk for individuals, households, and communities. As it has been observed, supporting the local community’s involvement is crucial for implementing strategies that will lead to a culture of safety [89]. However, Iranian researchers have examined the concept based on various yearbooks available in Iran. Consequently, there is a significant difference between foreign and domestic scholars in the construction of indicators that describe social vulnerability. Furthermore, based on the disparities in political and cultural backgrounds, ethnic factors need to be considered by foreign scholars during the development of social vulnerability indicators, although Iranian academics do not take these factors into cognizance. The vulnerability of Iran to earthquakes is influenced by multi-dimensional factors classified as socioeconomic, physical, and environmental. In this paper, socioeconomic factors are considered the key element that influences earthquake vulnerability studies in Iran.



Tabriz city is located among a number of seismic faults with the high potential of earthquake occurrence. Its residential areas are highly vulnerable to earthquakes due to dense population, too many structures, and violations of construction codes [64,65]. Thus, in the case of an earthquake, the possibility of a severe damage will increase dramatically. Therefore, developing a seismic vulnerability map is a useful step to take in order to decrease the severity of a major earthquake impact in the area. The construction of vital structures such as hospitals and schools can be limited in highly vulnerable areas, and the establishment of vital roads can be banned or subject to observing all of the earthquake engineering principles, seismic regulations, and construction codes. The elaboration of SVA and SVM helped identify social vulnerability and visualize how it spreads spatially in Tabriz city. However, the data on the size and area of the vulnerable zones alone cannot highlight the probable impact or risk levels. Hence, data on residential buildings in the municipality zones of Tabriz can be adapted to estimate or forecast the vulnerability impact of Tabriz. Therefore, the residential building vulnerability (RBV) in different zones of Tabriz is deduced as depicted in Figure 7.



Comparing the SVM with data provided by residential buildings may enable researchers to analyze the amount of vulnerability more accurately. Table 4 compares the vulnerability zones outlined for Tabriz city as derived from the SVM and residential building vulnerability (RBV) data. As observed, the most exposed zones are collected in zones 5, 4, and 1 of the city. These three zones due to their location on the North Tabriz Fault (NTF) specified as most vulnerable zones.



By overlapping the SVM and residential buildings vulnerability (RBV), it is possible to see that the lowest vulnerability zones are zones 3, 7, and 9. In this study, the urban vulnerability of Tabriz city against earthquake hazard has been investigated according to social indicators using the artificial neural network (ANN) model. The planned framework for vulnerability assessment is a flexible application for urban environments at various geographical scales and mapping units. However, limitations exist for applying social vulnerability indicators in the city of Tabriz. The key difficulty is a lack of data quality. Nevertheless, this paper has adopted suitable variables to explain most of the social vulnerability changes in the city of Tabriz. The data adopted for this study includes the current population census from 2011. This availed the authors with the most up-to-date information for the comprehensive understanding of the high spatial and social vulnerability distribution in the city. The results showed that that high disparities in social vulnerability to the hazards of earthquakes are prominent in the city of Tabriz. This is because all of the management strategies for earthquake hazards are based on a biophysical component of place vulnerability [90]; this calls for a serious reconsideration of these strategies and the incorporation of a social vulnerability component in these strategies.




5. Investigating the Accuracy of the Obtained Results


The last step toward constructing composite indicators is the validation and verification of the model. Validation is a set of methods for judging a model’s accuracy in making relevant predictions [75]. In this study, standardization of data has divided it into five classes of very suitable, suitable, rather suitable, unsuitable and very unsuitable, with values of 5, 4, 3, 2 and 1, respectively. Hence, the domain of interest that adequately and accurately represents the constructed model was developed. It is noteworthy to state that there is the likelihood that the required accuracy might not be accomplished through the standardized or classified data presented in this paper. Nevertheless, it is desirable that the domain stated is developed in the model’s output, since it signifies the model’s flexibility and compatibility from the human standpoint, as verified in this study. As a result, the results of the SVM were compared to RBV to validate the findings of our proposed model. The results from both methods are presented in the form of the scatter plots presented in Figure 8 and Figure 9. The scatter plots specify a strong positive connection between the most vulnerable zones (1, 4, and 5) along with the least vulnerable zones (3, 7, and 9) based on the SVM and RBV. Additionally, Spearman correlation coefficients between the most and least vulnerable zones of the two mentioned outputs were calculated (Table 5 and Table 6). The coefficient of correlations was 0.997 and 0.921 (statistically significant at 0.01 and 0.05 levels) between the most and least vulnerable zones, respectively. The findings show that the outputs are in agreement based on the vulnerability levels examined in the zones.




6. Conclusions


The objective of this research is to assess the social aspects of vulnerability for earthquake hazard and apply it at a municipality level in Tabriz city, northwestern Iran. In order to assess urban vulnerability to earthquake hazard, this research developed a novel computational framework to assess the social dimension of vulnerability. This investigation contributes to (i) the significance of indicators of social vulnerability, which are typically deduced from the relative importance index (RII); (ii) the correlation between the input and output data set variables, which is nonlinear, were detected through the ANN (artificial neural network) model. The proposed model adopted the process of learning (training) to appraise the output and input data variables; and (iii) the confirmation of the model demonstrated a strong positive relationship between the most vulnerable and least vulnerable zones based on the evaluation of the SVM and RBV. Therefore, a novel perspective was selected, and the application of ANN to an actual world case study shows that the new technique is robust for evaluating social vulnerability. Furthermore, social vulnerability mapping delivers an avenue to transport specific information about the most vulnerable areas to the effects of earthquakes. The findings also denote a vivid existence of spatial clustering between the low and highly vulnerable social groups. In the case, the northwest district is classified as very highly socially vulnerable for example in zone 5, whereas the north and eastern regions such as zone 7 are low. Consequently, the evaluation of social vulnerability can assist in developing strategies that are crucial to localities and improve understanding of the patterns of vulnerability in these regions. In the long term, this will ultimately assist in the formulation of mitigation policies that can anticipate the problems associated with the processes of urbanization and demographic shifts in the regions examined. Policy makers, decision makers, and urban planners can apply the resultant data provided by SVM and RBV to reduce the damage and human causalities and reduce the losses that might be caused in future earthquakes by means of mitigation prevention and avoidance.
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Figure 1. General position of Tabriz city and the political provincial and national borders. 
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Figure 2. Flowchart for proposed methodology used in this study. 
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Figure 3. Urban social vulnerability indicators produced by a geographic information system (GIS). (a) Household; (b) Women; (c) Men; (d) Literate; (e) Population; (f) Employee; (g) Unemployed. 
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Figure 4. Standardization of input layers into with respect to resilience as shown in legend; (a) Household Density; (b) Women Density; (c) Men Density; (d) Literate People Density; (e) Population Density; (f) Employee People Density; (g) Unemployed People Density. 
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Figure 5. The architecture of a multi-layered artificial neural network (ANN) used in this study. 
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Figure 6. Social vulnerability map (SVM) extracted from the proposed model. 
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Figure 7. The procedure of determining population vulnerability. 






Figure 7. The procedure of determining population vulnerability.



[image: Sustainability 10 03376 g007]







[image: Sustainability 10 03376 g008 550] 





Figure 8. The scatter plot between the SVM and RBV according to the most vulnerable zones. 
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Figure 9. The scatter plot between the SVM and RBV according to the least vulnerable zones. 
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Table 1. Network, data, and training parameters used for multi-layer perceptron (MLP) for vulnerability map in IDRISI Selva software. RMS: root mean square.






Table 1. Network, data, and training parameters used for multi-layer perceptron (MLP) for vulnerability map in IDRISI Selva software. RMS: root mean square.





	
Group

	
Parameter

	
Value






	
Input specifications

	
Avrg. training pixels per class

	
700




	
Avrg. testing pixels per class

	
700




	
Network topology

	
Hidden Layers

	
1




	
Nodes

	
10




	
Input Layers Node

	
5




	
Output Layer Nodes

	
5




	
Training parameter

	
Automatic training

	
Yes




	
Dynamic learning rate

	
Yes




	
Start Learning rate

	
0.001




	
End learning rate

	
0.0001




	
Momentum factor

	
0.5




	
Stopping criteria

	
RMS

	
0.1168




	
Iterations

	
15,000




	
Accuracy rate

	
95.66
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Table 2. Level of vulnerability in Tabriz city.






Table 2. Level of vulnerability in Tabriz city.





	Vulnerability
	Hectare
	Area (m2)
	Percent





	Very High
	196.01
	1,960,132.47
	0.77



	High
	541.27
	5,412,691.087
	2.11



	Moderate
	1036.01
	10,360,052.8
	4.04



	Low
	4295.37
	42,953,682.7
	16.77



	Very Low
	19,550.56
	195,505,633.7
	76.31



	SUM
	25,619.22
	256,192,192.8
	100
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Table 3. Level of the vulnerability of municipality zones according to the proposed model.
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	Vulnerability
	Very High
	High
	Moderate
	Low
	Very Low
	Percent





	Zone 1
	9.68
	15.60
	7.66
	24.66
	42.39
	100.00



	Zone 2
	0.35
	1.74
	5.38
	28.05
	64.49
	100.00



	Zone 3
	0.25
	1.49
	4.96
	27.56
	65.73
	100.00



	Zone 4
	0.93
	41.69
	12.93
	25.21
	19.23
	100.00



	Zone 5
	21.77
	22.39
	8.47
	25.34
	22.04
	100.00



	Zone 6
	0.00
	0.00
	1.10
	30.75
	68.15
	100.00



	Zone 7
	0.00
	0.24
	0.02
	1.72
	98.02
	100.00



	Zone 8
	0.00
	0.00
	0.00
	0.00
	100
	100.00



	Zone 9
	0.23
	0.05
	0.10
	99.5
	0.13
	100.00
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Table 4. Level of residential building vulnerability (RBV) according to the proposed model.
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	Vulnerability
	Very High
	High
	Moderate
	Low
	Very Low
	Percent





	Zone 1
	12.53
	16.42
	32.03
	37.06
	1.95
	100.00



	Zone 2
	0.68
	29.45
	38.71
	27.99
	3.17
	100.00



	Zone 3
	0.00
	10.81
	5.44
	31.67
	52.08
	100.00



	Zone 4
	3.19
	52.68
	31.80
	11.51
	0.82
	100.00



	Zone 5
	33.50
	25.53
	26.76
	14.20
	0.01
	100.00



	Zone 6
	0.00
	16.11
	53.42
	28.85
	1.62
	100.00



	Zone 7
	0.00
	0.00
	3.68
	4.36
	91.95
	100.00



	Zone 8
	0.00
	0.00
	54.4
	44.9
	0.6
	100.00



	Zone 9
	0.00
	0.00
	20.78
	79.23
	0.00
	100.00
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Table 5. Correlation between the SVM and RBV for the most vulnerable zones.
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SVM

	
RBV






	
SVM

	
Pearson Correlation

	
1

	
0.997 **




	
Sig. (2-tailed)

	

	
0.000




	
N

	
6

	
6




	
RBV

	
Pearson Correlation

	
0.997 **

	
1




	
Sig. (2-tailed)

	
0.000

	




	
N

	
6

	
6








** Correlation is significant at the 0.01 level (two-tailed).
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Table 6. Correlation between the SVM and RBV for the least vulnerable zones.






Table 6. Correlation between the SVM and RBV for the least vulnerable zones.





	

	
SVM

	
RBV






	
SVM

	
Pearson Correlation

	
1

	
0.921 *




	
Sig. (2-tailed)

	

	
0.026




	
N

	
5

	
5




	
RBV

	
Pearson Correlation

	
0.921 *

	
1




	
Sig. (2-tailed)

	
0.026

	




	
N

	
5

	
6








* Correlation is significant at the 0.05 level (two-tailed).














© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
Social Vulnerability
Index (SVI)

Literate Density Household | Population Employee I Unemployed Women Density | Men Density
Density | Density (PD) Density I Density (UED) (WD) (MD)

ARC GIS Dataset

Classification

Converting layers to | Multi Layer
ENVI format and Perceptron (MLP)

transfer to IDRISI
software

software

Transfer to ARC GIS and Convert raster layer to vector

Utilize of INTERSECT, and DISSOLVE functions

Overlay Social Vulnerability Map (SVM)
with residential building map and
calculate residential buildings

Overlay Social Vulnerability Map
(SVM) with municipality zones

Conclusion






media/file18.png
Social
Vulnerability
Map (SVM)

Residential Building
Vulnerability (RBV)

LERGIELE
Building Map






media/file21.jpg
100

g g 2 o
8 8 § R

AMABuIpI0Y
auoza[quBUMA J5ET

o

a0 60 80 100 120

20

Least vulnerablezone according SVM






media/file3.jpg
P p—

Mol ayer
pefiir)

Oy oVl Mo

Conclusion





media/file9.png
46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E

101 - 150 'ff#
151-200 .
201 - 412

Fault Lines

Zones

38°3'0"N
38°3'0"N

46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E

46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E

Z
=
-
>
o

x
-

101 - 150

151 - 200 ..
201 - 440™
Fault Lines

38°3'0"N

Zones
.
46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E

46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E

50.1 - 100

101 - 150

151 - 200 %
201

Fault Lines

38°3'0"N
38°3'0"N

Zone_s a

46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E





media/file22.png
A\

I\

100

0 O <

A suIp.aode
JUOZI[RIDUNA JSLI

o

40 60 80 100 120

20

Least vulnerable zone according SVM






media/file19.jpg
22999 o
38 8RS

AAFWPI0E
AOZOqEUMAISOT

50

40

30

20

10

Most vulnerablezone according SVM






media/file7.jpg
Hsoviorcepeope
[ e e

20t
 FaultLines






media/file10.png
38°9'30"N

38°3'0"N

38°3'0"N

46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E

Pepulation Density
(Hectare)

0100
101-200
©201-300
301 - 400
11401 - 759
Fault Lines %ie.

anes a ; 00 #25 5 10 15 Kilonletécs.

NN T T S T A TN N T T S |

46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E
46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E

Employee People
Density (Hectare)

050
50.1-100 - .
m101-150 ¢’
M151-200w
1>201
g‘_ii%é&lt‘Lines'

~ Zones

o N
46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E
46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E

2

Unemployed People
ensity (Hectare)

)
m()-5
5.1 -10

m10.1 - 15

mi5.1- 20
©20.1 - 24'!*
Fault Lmes

46°12'0"E 46°18'30"E 46°25'0"E

38°9'30"N

38°9'30"N

38°9'30"N

38°3'0"N






media/file14.png





media/file11.jpg
a Houschold Demity b Women Demsiy & Mon Dseky






media/file15.jpg





nav.xhtml


  sustainability-10-03376


  
    		
      sustainability-10-03376
    


  




  





media/file6.jpg
wisi 200






media/file16.png
46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E

38°9'30"N

Z
>
-
=
o

®
et

38°3'0"'N
38°3'0"'N

46°5'30"E 46°12'0"E 46°18'30"E 46°25'0"E





media/file2.png
46°6'0"E 46°13'0"E 46°20'0"E 46°27'0"E

38°13'0"N

z
4
en
—
[+]

o
~

38°6'0"N

b A

37°59'0"N

46°6'0"E 46°13'0"E 46°20'0"E 46°27'0"E






media/file20.png
50

40

Most vulnerable zone according SVM

™ ol

30

. il

A
10

&
© O O O O O O
O un < ™M N -

A SUIp.Iode
AUOZI[QLIPDUINA JSOTA






media/file5.jpg
46°120"E 46°18'3

90.1-120%
>121

Fault Lines

Zones &

46°120"E 46°18'30"E.





media/file1.jpg





media/file12.png
n Density

e

G,

b. Women Density M

p Je 4
/‘d

“alg A

e. Population

- Very Unsuitable
- Unsuitable
|:| Moderate
I Suitable

[:] Very Suitable ¢ 10 20 40 Kilometers






media/file0.png





media/file8.png
38°9'30"N

38°3'0"N

46°5'30"E

:t»"

CTER])

Q.

30.1 - 60

60.1-90 -

90.1-120"%
>121
Fault Lines

Zones &
46°5'30"E

46°12'0"E

46°12'0"E

46°18'30"E

46°18'30"E

46°25'0"E

46°25'0"E

38°3'0"N






media/file17.jpg
Residential
Building Map

Tntersect

Dissolve

4 N4

Residential Building.
Vulnerability (RBV)





