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Abstract

:

Coastal areas are expected to be at a higher risk of flooding when climate change-induced sea-level rise (SLR) is combined with episodic rises in sea level. Flood susceptibility mapping (FSM), mostly based on statistical and machine learning methods, has been widely employed to mitigate flood risk; however, they neglect exposure and vulnerability assessment as the key components of flood risk. Flood risk assessment is often conducted by quantitative methods (e.g., probabilistic). Such assessment uses analytical and empirical techniques to construct the physical vulnerability curves of elements at risk, but the role of people’s capacity, depending on social vulnerability, remains limited. To address this gap, this study developed a semiquantitative method, based on the spatial multi-criteria decision analysis (SMCDA). The model combines two representative concentration pathway (RCP) scenarios: RCP 2.6 and RCP 8.5, and factors triggering coastal flooding in Bandar Abbas, Iran. It also employs an analytical hierarchy process (AHP) model to weight indicators of hazard, exposure, and social vulnerability components. Under the most extreme flooding scenario, 14.8% of flooded areas were identified as high and very high risk, mostly located in eastern, western, and partly in the middle of the City. The results of this study can be employed by decision-makers to apply appropriate risk reduction strategies in high-risk flooding zones.
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1. Introduction


Coastal cities, as an intersection of land and sea, play a crucial role in the national and global economy, particularly in developing countries. In 2070, the total value of assets (the world’s large port cities) exposed to coastal flooding (100 year return periods) is projected to increase more than ten times compared with the year 2005 (3 trillion US dollars) [1]. The number of residents living in low-elevation coastal zones (areas less than 10 m above mean sea level) has also been growing, and this trend is estimated to continue faster than in inland areas [2]. Similarly, the population of major ports exposed to 100 year coastal floods is predicted to increase due to socioeconomic development in the coming decades [1,2,3].



According to the fifth assessment report of the Intergovernmental Panel on Climate Change (IPCC), by 2100, the coastal cities will experience both sea-level rise (ranging from 0.28 m to 0.98 m) and much more intense storm surges [4]. Such storm flooding occasionally causes significant physical damages, loss of life, and economic losses. Examples of such incidents include Hurricane Katrina (2005), Hurricane Sandy (2012), and Typhoon Haiyan (2014) [5,6,7]. Flood risk is defined as the product of hazard: the chance of flood occurrence; exposure: the subjected population and value of properties to flooding; and vulnerability: the susceptibility of the exposed elements to the hazard [8,9]. In this context, coastal flooding risk assessment as a vital factor in flood management is essential. It helps urban planners and policymakers to design effective strategies in reducing the risk of flood-prone areas [10].



Over the past years, many studies have employed various statistical and machine learning methods to improve flood susceptibility mapping (FSM). Examples of these methods include frequency ratio [11], weight of evidence [12], analytical hierarchy process (AHP) [13,14], logistic regression [15], multiple criteria decision [16], fuzzy weight of evidence [17], artificial neural networks [18], support vector machine [19], decision tree [20], random forest [21], and ensembles models [22]. The FSM methods deal with flood conditioning factors (e.g., rainfall, slope, elevation, distance to a river, curvature, drainage density, flow accumulation, land use/cover, geology, surface runoff, and soil) to identify flood hazard in a given area [17]. The mentioned studies have focused on a flood hazard assessment that can support decision-makers to apply appropriate mitigation measures. However, a comprehensive flood risk management should consider the other risk components, that is, vulnerability and exposure, which are ignored in such studies. As another limitation, most of these methods identify flooded areas without considering flooding depth to assess the FSM.



Vulnerability, compared with exposure and hazard components, has received less attention in assessing flood risk [23]. Vulnerability concept varies among different communities [8,24,25,26], but there are two main perspectives on this [27]: (i) engineering and natural science, and (ii) social science. From the engineering and natural science viewpoint, vulnerability is defined as the susceptibility of exposed elements (e.g., assets, people) to flood hazards [8,28]. In this sense, vulnerability is often limited to a physical vulnerability where the vulnerability of structures and assets is estimated based on a given flood depth. In other words, the degree of damage is estimated using quantitative methods, mostly based on the depth-damage functions (vulnerability curves), ranging from zero (no damage) to one (total damage) [29]. Nevertheless, in reality, the vulnerability has a broader meaning in flooding, and capturing the vulnerability of residents remains limited in such studies [29,30,31]. From the social scientists’ perspective, the vulnerability can be identified as an inherent characteristic of the system (people or community) before encountering the external hazard event [32,33,34]. To implement adaptation strategies aimed at flood risk reduction, the household capacity to respond to hazards is essential as much as the property’s susceptibility [31]. The sociodemographic characteristics of households determine this capacity [25] and reveal how various social groups and communities act differently to the same flooding hazard [35,36]. However, to date, a few attempts have been made to link social vulnerability into hazard and exposure components to assess flood risk [31,37,38,39].



Unlike quantitative methods, semiquantitative methods combine indicators in a simplified way to build a flood risk index [40]. To implement semiquantitative methods, spatial multi-criteria decision analysis (SMCDA), generally based on the AHP model [41], can be employed. It can be easily linked to Geographic Information System (GIS) for further geospatial analysis. The GIS-based SMCDA approach can solve complex decisions by breaking those into a hierarchical form, identifying the relative importance of criteria, and incorporating them in an organized way [42]. In the context of flood risk, many studies have adopted the AHP model to evaluate the risk of river or flash flooding [43,44,45,46,47,48,49,50]. However, the application of the AHP in coastal flooding risk analysis is still rare [51,52,53], where the flood risk can be evaluated in a nonmonetary value. In the conducted studies related to coastal flooding hazards, most scholars paid particular attention to sea-level rise (SLR) and storm surges. To the best of our knowledge, a few studies combined these factors with the other episodic rises in sea level such as tide, wind set-up, that is, the vertical rise in mean water level caused by wind stresses on the water surface, and wave set-up, that is, a rise in mean water level due to wave breaking [54].



In Iran, to date, a few studies have been carried out on vulnerability and risk assessment of coastal cities exposed to SLR and flooding [35], and there is still a lack of studies on holistic coastal flooding risk assessments at local scales. Given the above concerns, the main objective of this study is to assess flood risk due to SLR and coastal flooding in Bandar Abbas City, the largest port city in the south of Iran. For this purpose, a GIS-based SMCDA approach, based on the AHP model, is developed to build a risk index due to coastal flooding, and map it by integrating three key risk components, that is, flood hazard, social vulnerability, and exposure. This study is distinct from previous studies as it provides three significant policy implications for urban planners and policymakers: (i) identifying flood hazard areas under future flooding scenarios, in 2050 and 2100, resulting from a combination of climate change-induced SLR and other coastal flooding triggers, that is, storm surge, high tide, wave set-up, and wind set-up, (ii) building a social vulnerability index using a set of sociodemographic indicators, and combining it with hazard and exposure components to build a flood risk index; and (iii) providing a rapid flood risk assessment approach which gives insights to the coastal planner and decision-makers for better planning in the future.




2. Study Area


Bandar Abbas City, the capital of Hormozgan province, is located on the Iranian south coast (27°9′ N–27°15′ N and 56°12′ E–56°24′ E). Geographically it is surrounded by the Persian Gulf from the south (Figure 1). The total population of Bandar Abbas City was around 520,000 (2012), and its population growth has been increasing by nearly 2.3% per year [55]. Approximately 17% of the City has an elevation of less than 5 m [35], mostly located in the southwest, southeast with elevation ranging from 0.6 to 5 m higher than sea level [56]. The mean annual precipitation in Bandar Abbas is 200 mm. The temperature varies from 2 to 44 Celsius during the coldest and hottest of the year, respectively. Summer continues for almost nine months in this city [56]. Bandar Abbas’s urban area is around 40 km2 and is divided into three administrative districts. As the largest port city in Iran, it plays a significant role in the local and national economy. Over the past decades, the city has experienced lots of change due to socioeconomic development, for example, during 1975–2012 urban lands and population has grown fourfold and sixfold, respectively. Consequently, this rapid development has increased the demand for residential and infrastructure development [56]. Bandar Abbas coastline is subjected to SLR, regular tide, wave set-up, and wind set-up. Hormozgan province, where Gonu tropical cyclone took place in the Arabian Sea, also is impacted by storm surges. In the latest incident (2007), the cyclone caused around $215 million asset damage and 23 fatalities along the Persian Gulf and Oman Sea [57]. There are also many protection structures, mainly seawalls and breakwaters, in the city coastline to prevent coastal flooding.




3. Materials and Methods


Following the Equation (1), to develop the coastal flooding risk index, this study focuses on (i) hazard: a combination of SLR and factors triggering coastal flooding (storm surge, wave set-up, wind set-up, and tidal range), (ii) social vulnerability: the degree to which people are susceptible to or unable to cope with, respond to, or recover from hazard events [8], and (iii) exposure: population density.


   Flood   risk   =   Hazard   ×   Vulnerability   ×   Exposure   



(1)







In this study, the coastal flooding risk assessment of Bandar Abbas City was conceptualized through a SMCDA framework. It supports risk analysis by integrating a large number of temporal and spatial data, in a linear trend [42]. To apply the multi-criteria decision analysis (MCDA) approach, first risk indicators were selected, and then proxy variables (i.e., alternative measurable variables for selected indicators) were identified. Subsequently, both indicators and proxy variables were structured into a hierarchical form (i.e., hazard, vulnerability, and exposure). Secondly, the AHP model and min–max approach were employed to weight risk indicators and normalize proxy variables, respectively. Finally, different types of spatial analyses were applied to integrate weighted indicators and normalized proxy variables to map risk under flooding scenarios. This proposed approach can provide valuable information that supports decision-makers and local organizations to design effective and customized strategies to mitigate flood risk and damages. Figure 2 shows a schematic view of the adopted methodology.



3.1. Indicators and Proxy Variables Selection and Derivation


3.1.1. Hazard Component


According to experts’ opinion, hazard indicators including SLR as a consequence of climate change, and other triggering factors of coastal flooding, that is, tidal range, wave set-up, wind set-up, and storm surge, were identified to map flood hazard. The IPCC represents four scenarios, on the basis of representative concentration pathways (RCPs), including RCP 2.6, RCP 4.5, RCP 6, and RCP 8.5 to estimate permanent SLR at a global scale by 2100 [58]. In this study, to achieve a more realistic value of SLR, global RCPs scenarios were downscaled based on a previous study [59]. Finally, the average of RCP 2.6 and RCP 8.5 was applied in 2050 and 2100. For the other triggering factors related to coastal flooding, hydrodynamic models (MIKE 21) were employed to derive hazard indicators. In this regard, the tidal range indicator represents the mean higher high water (MHHW), while wave set-up, wind set-up, and storm surge indicators were identified based on 50 and 100 year return periods [35,60].



The ALOS PALSAR digital elevation model (DEM) with 12.5 m spatial resolution, provided by the Alaska Satellite Facility Distributed Active Archive Data Center (ASF DAAC), was used to map coastal flooding areas [61]. Establishing flooding scenarios addresses high uncertainties associated with flood risk projections in the future [62]. As such, in this study, various flooding scenarios were defined in 2050 and 2100, that is, S0: the baseline scenario at present just considering temporarily SLR to S2-2100: the worst-case scenario by summing SLR caused by climate change with MHHW, wave set-up, wind set-up, and storm surge (Table 1). For calculating the coastal inundation areas, a GIS-based flood modeling was used to combine the DEM of the study area with different flooding scenarios. In each scenario, those areas that had lower elevation than extreme sea levels, and were hydraulically connected to the sea or open water, were considered as inundated areas [63]. Various flood characteristics (e.g., depth, duration, velocity, and timing of flood) affect the flood damage. However, inundation depth is recognized as the most important factor in physical damages [64]. Therefore, in this study, flood depth was identified as the proxy for flood hazard indicators.




3.1.2. Vulnerability Component


After reviewing existing literature and given data availability, four sociodemographic indicators were selected for both susceptibility and coping capacity sub-components [25,65,66,67]. Accordingly, population, age, and gender represent the susceptibility of people due to hazard events. The relevant proxy variables were also applied for each susceptibility indicator: (i) population: population density (the total number of people living in a specific area) and population with disability, (ii) age: people over 65 years and under five years, and (iii) gender: females. For coping capacity, socioeconomic status was defined as an indicator. Two proxy variables were then considered, that is, people with high school diplomas and employment, for this indicator. For both susceptibility and coping capacity sub-components, secondary data at the census block level were collected from the Iranian Statistics Center [55].




3.1.3. Exposure Component


Population density is the most significant indicator of flood exposure since it directly describes human settlements [68]. In this study, like the vulnerability component, the population density was chosen as a proxy variable for population indicator. The population density was selected for exposure and vulnerability components as it contributes to two different ways to assess flood risk. In the context of flood exposure, the number of affected people is important and it is determined based on the intersection of population density with inundation data. In other words, the higher population density will result in higher exposure to people. In the context of social vulnerability, the role of people density is a bit different than in the exposure component. In this sense, population density is important as high population density may have a burden on evacuation time and will be more affected by a flood. Table 2 shows all identified indicators and associated proxy variables. The positive and negative impacts of proxy variables on flood risk are also expressed by “+” and “−” signs, respectively.





3.2. Spatial MCDA Approach


3.2.1. Normalizing Proxy Variables


All input data are different in magnitude and dimension. Therefore, to integrate them into SMCDA, they should be normalized to range from zero to one [73]. This study applied two equations to normalize vulnerability and exposure components depending upon the positive or negative impacts of proxy variables on flood risk. Accordingly, a min-max rescaling approach (Equations (2) and (3)) was applied to normalize the value of positive and negative proxy variables, respectively [74,75].


       ( V   i  )  j     =       X i    −      X    min      X  max     −      X    min      



(2)






       ( V   i  )  j     =       X   max      −      X   i     X  max     −      X    min      



(3)








3.2.2. Weighting Indicators


In the field of flood risk assessment, the AHP model as a type of MCDA approach has been frequently applied [76]. The AHP model was initially introduced by Saaty [41], and as a flexible method that can solve complicated decision-making problems involving qualitative data [77].



In the AHP model, as the first step, the MCDA problem is structured into a hierarchical form at least in three levels: (i) objective at the top, (ii) criteria which describe the objectives in the middle, and (iii) alternatives at the bottom level. In the second step, at each level, a pairwise comparison is applied for constructing a decision matrix. It transforms qualitative data into a fixed value and makes the process able to be handled effectively and simply [78]. To make a pairwise comparison matrix (PCM), Saaty [41] represented a standardized measurement scale ranging from 1 to 9, where one means there is no difference in the criterion importance, and nine shows one criterion is much more important than others (See Table 3).



Furthermore, to show an inverse relationship, reciprocal numbers can be used. Pairwise comparison of n criteria is shown in a matrix as follows [41]:


     A =   [      a  11        a  12       …      a   1 n           a  21        a  22       …      a   2 n           a  31        a  32       …      a   3 n          …     …     …     …       …     …     …     …        a   m 1         a   m 2        …      a  mn        ]    ,    a  ii        =   1 ,   a    ji      =     1   a  ij        ,   a    ij     ≠    0    



(4)







Finally, an eigenvector technique is employed to solve the reciprocal matrix and calculate the relative importance of criteria. The AHP quality outputs can be measured by consistency of PCM, and thus the consistency index (CI) is identified according to Equation (5) [41]:


   CI   =       λ  max   −   n    n    −   1    



(5)




where λ max and n are the maximum eigenvalue and order of matrix A, respectively. Further, the final consistency ratio (CR) is calculated based on Equation (6) as follows [41]:


   CR   =      CI   RI    



(6)




where RI is a random index, that is, the consistency index of a randomly generated pairwise comparison matrix, which is dependent on the number of criteria (N) that are being compared and is determined based on Table 4.



It is recommended that the CR values are less than 0.1; otherwise, pairwise comparisons are inconsistent, and judgments need to be revised to yield meaningful results [41].



In this study, to calculate the weight of indicators, questionnaires were given to twelve experts who specialized in coastal engineering, social, and climate change science. In order to incorporate a wide range of opinions, this study selected experts from academia (four people), government agencies (three people), and research institutions at the national and local levels (five people). Finally, they were asked to express their judgments and filled the questionnaire. A geometric mean was then applied to integrate individuals’ judgments.




3.2.3. Aggregation Method


In the SMCDA, the weighted linear combination (WLC) as a straightforward overlay approach has been commonly used [35,79,80,81]. It is easily understandable by decision-makers and can be linked to spatial data [42]. In this study, a WLC model was separately applied to each risk component (hazard, vulnerability, and exposure) for constructing indexes based on Equation (7) [42]:


   Rc   =      ∑    i = 1   n   X i       ×   W   i   



(7)




where Rc is the value of each risk component, Wi is the weight of each indicator derived by the AHP (   W i  < 1    and      ∑   i = 1  n   W i  = 1  ), and Xi is the normalized proxy variables. Finally, the value of each component risk calculated above is used as an input for the risk formulation (Equation (1)) to build a coastal flooding risk index.



This study used Expert Choice software (version 11.5) to calculate indicators’ weight by the AHP model. ArcGIS 10.6 also was utilized to develop a spatial database and the required raster layers. Given the spatial resolution of input data, a 30 m cell size of raster layers was used for generating flood risk maps under various flooding scenarios.






4. Results


4.1. Flood Hazard Analysis


The first component of risk, flood hazard, was analyzed considering five selected indicators including SLR, tide, wave set-up, wind set-up, and storm surge along with flood depth as a proxy variable. This study employed geospatial techniques to create flood inundation maps considering flood hazard indicators’ weight calculated by the AHP model (Table 5). The consistency ratio of flood hazard PCM was also identified in an acceptable range (0.02).



The flood extent and depth in Bandar Abbas City under flooding scenarios are shown in Figure 3 with five classifications ranging from very low to very high. In all scenarios, the flooded areas were mostly identified adjacent to the coast, including the western, eastern, and central parts of the study area. The total flooded areas under scenarios S0, S1-2050, S2-2050, S1-2100, and S2-2100 were estimated 5.4%, 5.4%, 8.2%, 15.6%, and 21.2%, respectively.




4.2. Vulnerability Analysis


The same approach as with the flood hazard component was applied to the social vulnerability component to calculate the relative importance of susceptible indicators, as shown in Table 6. The CR of susceptibility matrix was calculated as 0.02, as such, indicator weights can be considered suitable to create the social vulnerability index. However, for coping capacity, a PCM was not considered to determine indicators’ weight as socioeconomic status was only contributed as an indicator.



The susceptibility and coping capacity proxy variables, shown in Table 2, were normalized to map the social vulnerability. Accordingly, the WLC model was used to integrate weighted social indicators and normalized proxy variables where the weight of susceptibility and coping capacity sub-components, calculated by the AHP model, were estimated as 0.75 and 0.25, respectively. The result of social vulnerability mapping is displayed in Figure 4, where very low, low, medium, high, and very high vulnerability classes cover about 29.5%, 15.9%, 9.2%, 1.7%, and 43.7% of the study area, respectively.




4.3. Exposure Analysis


In this study, the flood exposure map was determined on the basis of normalized population density. It was then classified into five categories, which are shown in Figure 5. Given the flood exposure map, 45.2% of the study area was found in very low exposure, followed by low (42%), medium (12%), high (0.65%), and very high (0.15%). As can be observed from Figure 5, exposed people living close to the coastline are mainly distributed in low-to-medium exposure, including regions located in the west and middle of Bandar Abbas City.




4.4. Flood Risk Assessment


A social vulnerability map only shows where vulnerable people are located without considering the extent of flood hazard and exposure. To address the risk potential of people under flooding scenarios, flood hazards, social vulnerability, and exposure maps were combined using GIS (Figure 6). Flood risk maps were then classified into five vulnerability levels using the Jenks natural break technique. The overall percentage areas in each category were summarized, as shown in Table 7.



As the results show, for scenario S0 to S1-2100, more than 95% of flooded areas were found in very low to low risks, while in scenario S2-2050 to S2-2100 the areas identified as the medium, high, and very high value of risk increased. For example, in scenario S2-100, approximately 24.4% of flooded urban areas were classified in medium to very high risk zones, mostly located in the eastern and western parts of Bandar Abbas City, which is consistent with the flooded areas.



In this study, model validation, based on field observation data, was not carried out due to a lack of data on extreme flood events in Bandar Abbas City. Instead, sensitivity analysis as a common technique in the MCDA was employed to validate the flood hazard and risk index reliability [47,82,83,84,85]. The sensitivity analysis determines how changing input indicators’ weight will affect the model outputs [86]. In this regard, for each flood scenario, an indicator weight was changed (±10%). The weight of other indicators was adjusted because the sum of indicators’ weight should remain equal to one [86]. The sensitivity analysis was then applied to all indicators, and a little change was seen in model outputs in comparison with the initial conditions for all scenarios. It confirms that the flood risk index outputs are reliable.





5. Discussion


In this study, a GIS-based SMCDA was used to assess coastal flooding risk due to a combination of SLR and triggering flooding factors under flooding scenarios. Weighted hazard, exposure, and vulnerability indicators, by applying the AHP model, and associated proxy variables were integrated in a linear way using spatial analysis techniques. It should be noticed that the usage of the AHP as an efficient model has been confirmed with several studies in the field of flood hazard and risk assessments [49,53,87]. Many flood-triggering factors, that is, those related to hydrodynamic conditions, in combination with climate change-induced SLR play a significant role to construct a coastal flood hazard index [54]. In this study, five indicators: climate change-induced SLR, wave set-up, wind set-up, tidal range, and storm surges were selected.



The importance of each triggering indicator should be determined by decision-makers as they contribute differently to prepare a flood hazard map. In this context, our study focused on experts’ judgment to consider indicators that have significant effects on flood extent, and depth distribution. The AHP model was used to determine the importance of the flood-related indicators based on the experts’ judgment. Results showed that the most significant indicator that contributes to the flood occurrence is tidal range, followed by SLR, storm surges, wind set-up, and wave set-up. This could be attributed to the fact that high tidal range, twice in a day, and permanent SLR happen more frequently compared with other triggering indicators. In all scenarios, our modeling shows that flooding extent covers the areas mostly located near the coast, and within the eastern, western, and some central parts of Bandar Abbas City. Furthermore, inundated areas were widely found in high and very high hazard classes which mainly correspond to (i) the gentle slope and low-elevations areas extracted by the DEM analysis in these areas, and (ii) lack of protection structures such as seawalls and breakwaters, especially in the west and east of the City.



As Figure 4 shows, the social vulnerability has not been uniformly distributed within the study area, and all vulnerability classes were found in some small neighborhoods. It indicates that assessing social vulnerability at the census block level will provide more insights into socioeconomic characteristics, which could be lost at a large scale. In the pre-disaster phase, the socioeconomic status of people can significantly influence their ability to cope with or respond to a disaster [88,89]. It helps decision-makers in providing suitable mitigations and adaption measures depending upon the vulnerable people in an affected area. In terms of social vulnerability, the medium, high, and very high vulnerable classes covered 54.6% of the study area, mostly located in the eastern, western, and slightly in the middle of the study area. It can be attributed to the high values in both susceptibility indicators’ weights and normalized proxy variables. On the one hand, in these areas, the susceptibility of proxy variables such as people with disabilities, people under five years old, and females were identified in high and very high susceptible classes. On the other hand, the AHP implication revealed that the most significant indicators that contribute to building social vulnerability index are population and age, which is in line with previous studies [70,72,90,91].



It is worth pointing out that in flooded areas, socioeconomic proxy variables, that is, employment and people with high school diplomas, were also categorized in high and very high classes. It can increase the people’s coping capacity and minimize social vulnerability. However, the coping capacity received considerably less weight (0.25) as compared with the susceptibility (0.75). Accordingly, it was unable to moderate the social vulnerability values to very low, low, or medium classes. In contrast, the coping capacity of the most nonflooded districts was identified as the lowest value. It is related to the spatial distribution of employment and people with high school diplomas, where they were mostly characterized in very low and low levels. These findings confirm that proper attention should be taken into account to improve the coping capacity level in these less adaptable coastal districts. The coping capacity can be enhanced by providing employment opportunities, alternative sources of income, and improving the level of education. The study presented here provides spatially detailed social vulnerability in flood-prone areas, which can assist decision-makers to apply the most appropriate mitigation measures to reduce vulnerability for a specific social group in a neighborhood or household level [31].



Given the results shown in Table 7, small areas were found in high and very high flood risk levels (eastern, western, and middle parts of coastal zones) compared with the other risk classes. It is mainly due to the existence of the number of very high flood hazard zones, medium population density, and medium to very high social vulnerability. A constant trend was also seen from scenario S0 to scenario S2-100, where the percentage of very low-to-low classes of risk decreased. In contrast, the medium to very high classes of risk dramatically increased, particularly in S2-2050 and S2-2100. This sudden increase could be due to the following reasons: (i) more flooded areas were identified, which mainly were classified into high and very high values, (ii) the social vulnerability in flooded areas was recognized as medium to high due to high susceptibility and low coping capacity, and (iii) the population exposure in flooded areas was identified in medium values. Accordingly, essential preparation and mitigation measures should be implemented in high-risk zones by decision-makers to minimize flood risk consequences.



There was no flooding risk map in the study area; therefore, the developed methodology herein could not be validated based on field observation. A sensitivity analysis was alternatively conducted to investigate the flood risk index accuracy that shows how sensitive the flooding risk maps are to changes in indicators’ weight. Sensitivity analysis results show that changing the weight of certain indicators (i.e., hazard, social vulnerability, and exposure) will result in different risk classes in final risk maps. For example, indicators such as SLR, tidal range, population, age, and socioeconomic indicators were more sensitive to changing initial weights. It proves the importance of these indicators as key flood risk indicators. In contrast, wave set-up, wind set-up, and gender were less sensitive compared with the other indicators discussed above. This finding shows that the sensitivity analysis would be beneficial to determine the influence of each indicator to develop flood risk maps.




6. Conclusions


The objective of this study was to develop a flooding risk index due to SLR and coastal flooding in Bandar Abbas City, Iran. In this regard, a GIS-based SMCDA method as a semiquantitative method was employed. Nine indicators were selected and then classified into three main flood risk components including hazards: SLR, storm surge, wave set-up, wind set-up, and tidal range; social vulnerability: gender, population, and age; and exposure: population. The flood risk analysis was based on the integration of multiple indicators and proxy variables, where the weight of indicators was derived using the AHP model.



Flooding scenarios presented herein combine the climate change-induced SLR with the other coastal flooding triggers to map flood risk. These maps can be considered as an effective tool for risk reduction. It supports decision-makers to take suitable actions under different risk conditions, particularly in the pessimistic scenario, where the highest level of flood hazard happens. The fine resolution demographic data employed here (at the census block level) resulted in a thorough assessment of social vulnerability in flooded areas. Obtained social vulnerability results exhibited a high contribution of susceptible indicators such as population and age compared with the gender. In contrast, the coping capacity received relatively less weight than the susceptibility. Consequently, 45.4% of Bandar Abbas City districts were classified as high and very high vulnerable areas, mostly located in the eastern, western, and central parts. Considering the future flooding scenarios, a notable increase was seen in high and very high risk classes. Therefore, to reduce future social vulnerability, the coping capacity of people should be enhanced by creating more employment opportunities or increasing levels of education. The spatial distribution of social vulnerability can help decision-makers to choose suitable measures to reduce the adverse effect of hazard floods. For example, where the high social vulnerability is mainly caused by the existence of elderly, children, or disabled people, providing flood protection structures is more effective than using individual mitigation measures. Accordingly, linking social vulnerability as a key element to flood risk analysis is required to improve risk management strategies.



The semiquantitative method used in this study is a process that can be also employed to develop the flood risk index of physical assets. It would be much more beneficial particularly in developing countries, where using statistical methods and running physical models to simulate coastal flooding and building physical vulnerability curves is challenging, due to the reliability and availability of data. In other words, the integration of weighted indicators and associated proxy variables, based on experts’ opinion, can be applied instead of quantitative models that are costly, time-consuming, and complicated to run. The SMCDA is flexible in handling a large number of qualitative or quantitative indicators to map flood risk and can be regularly updated by adding or modifying indicators since many indicators are changing over time. In the absence of flood hazard filed data, the model accuracy can be tested by the sensitivity analysis, where the application of this technique in our study proved the model’s reliability. Flood risk map generated by the SMCDA provides a comprehensive database that can allow decision-makers and stakeholders to propose mitigation plans for flood risk reduction.



Of course, this study has limitations that can be addressed in future research. To generate more accurate and customized results, further studies could incorporate relevant indicators of exposure and social vulnerability components such as land use, infrastructures and lifelines, and income. This study only focused on social vulnerability, while linking physical or economic dimensions to social vulnerability leads to more efficient flood risk reduction strategies.
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Figure 1. Location of the study area, Bandar Abbas City, Iran. 
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Figure 2. The adopted methodology of the study. 
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Figure 3. Flooded areas under various scenarios in Bandar Abbas City. 
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Figure 4. The spatial pattern of social vulnerability in Bandar Abbas City. 
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Figure 5. Distribution of population exposure in Bandar Abbas City. 
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Figure 6. Coastal flooding risk under various scenarios in Bandar Abbas City. 
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Table 1. Flooding scenarios in the study area.
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Scenarios

	
Permanent SLR (cm)

	
Temporary Sea Level (cm)

	
Total (cm)






	
S0

	
0

	
Wave and wind set-up (50 year return periods) + MHHW

	
259

	
259




	
S1 (2050)

	
Average (RCP2.6 and RCP8.5)

	
25

	
Wave and wind set-up (100 year return periods) + MHHW

	
320

	
345




	
S1 (2100)

	
Average (RCP2.6 and RCP8.5)

	
61

	
381




	
S2 (2050)

	
Average (RCP2.6 and RCP8.5)

	
25

	
Wave and wind set-up (100 year return periods) + MHHW + storm surge

	
470

	
495




	
S2 (2100)

	
Average (RCP2.6 and RCP8.5)

	
61

	
531
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Table 2. Risk components, sub-components indicators, proxy variables and their impacts on the flooding risk index.
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Risk Components

	
Sub-Components

	
Indicators

	
Proxy Variables

	
Impacts

	
Reference






	
Hazard

	

	
SLR

Tidal range

Wave set-up

Wind set-up

Storm surge

	
Inundation depth (m)

	
+

	
[21,69]




	
Social vulnerability

	
Susceptibility

	
Population

	
Population density (%)

	
+

	
[49,68,70]




	
Population with any sort of disability (%)

	
+

	
[25,71]




	
Age

	
Children < 5 years old (%)

	
+

	
[67,72]




	
Elderly people > 65 years old (%)

	
+




	
Gender

	
Female (%)

	
+

	
[25,53]




	
Coping capacity

	
Socioeconomic status

	
Employment (%)

	
−

	
[25,66]




	
People with high school diploma (%)

	
−

	
[25]




	
Exposure

	

	
Population

	
Population density (%)

	
+

	
[31,49,72]
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Table 3. The importance of indicators in pairwise comparisons based on the analytical hierarchy process (AHP) model [41].
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	Intensity of Importance
	Degree of Preference





	1
	Equally important



	3
	Moderately more important



	5
	Strongly more important



	7
	Very Strongly more important



	9
	Extremely more importance



	2, 4, 6, 8
	Intermediate values
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Table 4. Random index (RI) values used to compute the consistency ratio (CR) [41].
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	N
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11





	RI
	0
	0
	0.58
	0.9
	1.12
	1.24
	1.32
	1.41
	1.45
	1.49
	1.51
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Table 5. Pairwise comparison matrix of flood hazard indicators in Bandar Abbas City.
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	Hazard
	Wave Set-Up
	Wind Set-Up
	SLR
	Storm Surge
	Tide
	Weight by the AHP Model





	Wave set-up
	1
	1/2
	1/3
	1/2
	1/3
	0.087



	Wind set-up
	2
	1
	1/2
	1/2
	1/2
	0.137



	SLR
	3
	2
	1
	1
	1/2
	0.224



	Storm surge
	2
	2
	1
	1
	1/2
	0.209



	Tide
	3
	2
	2
	2
	1
	0.343
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Table 6. The relative importance of susceptibility indicators in Bandar Abbas City.
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	Susceptibility
	Population
	Gender
	Age
	Weight by the AHP Model





	Population
	1
	3
	1
	0.44



	Gender
	1/3
	1
	1/2
	0.17



	Age
	1
	2
	1
	0.39
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Table 7. Percentage area of risk classes for various coastal flooding scenarios.
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Flooding Scenarios

	
Risk Value (%)




	
Very Low

	
Low

	
Medium

	
High

	
Very High






	
S0

	
16.9

	
79.9

	
1.8

	
0.8

	
0.4




	
S1-2050

	
2.1

	
93.7

	
3

	
1

	
0.2




	
S1-2100

	
20

	
75

	
2.7

	
1.8

	
0.5




	
S2-2050

	
20.1

	
64.5

	
4.8

	
5.5

	
5.1




	
S2-2100

	
18.3

	
57.3

	
9.6

	
2.5

	
12.3
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