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ABSTRACT: Flood is one of the major problems of the sad ekbatan watershed, northern of 14 

Hamadan province, Iran. This problem imposes high damages to the economic issue. 15 

Therefore, prioritization of the study area based on the flooding degree can be considered for 16 

identifying hot spot flooded areas for performing soil and water conservation practices. In this 17 

study, in order to prioritize sub-watersheds of the case study from viewpoint of flooding degree, 18 

five flood-related criteria i.e. entropy of drainage network (En), index of connectivity (IC), 19 

stream power index (SPI), curvature (C) and curve number (CN) were considered, then fuzzy 20 

based Best Worse Multi Criteria Decision Making (F-BWM) Method was used to assigning 21 

weights to used criteria and combination them to achieve flooding degree for each sub-22 

watershed. The results of prioritization of sub-watersheds indicated that the sub-watersheds 14 23 

and 21 are most and least susceptibility areas to flooding correspondingly. 24 

Keyword: Flood; Prioritization; Best worse method; fuzzy 25 
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1. Introduction 27 

Floods are one of the natural disasters that occur every year to global scale (Field et al., 2012). 28 

In recent decades, floods are known as the main defendants of financial and life losses. Despite 29 

these descriptions, there are some solutions that can be effective against reducing or preventing 30 

flood events (Adhikari et al.,2010; Smith and Ward, 1998). The results of studies conducted by 31 

the Forest, Rangeland and Watershed Management Organization (FRWMO) in Iran (1986-32 

2007) show that 2498 flood events were occurred and resulted in the deaths of 3299 people, 33 

injuries of 1733 people, partial and complete destruction of 135092 and 1572 building units 34 

(totally 136,664 damaged and destroyed buildings) (Almasi and Soltani, 2017; Hajian et al., 35 

2019; Hooshyaripor et al., 2020; Yadollahie, 2019). 36 

Flood is one of the most frequent and costly hazard worldwide which impress 37 

approximately 20000 lives per year (Sarhadi et al., 2012).Until to data, it is incredible to 38 

prevent flood but some appropriate measures can be underpinned to somewhat compensate it 39 

(Termeh et al., 2018). In scale of catchment, given the inherent complexity of formulating flood 40 

risk management strategies and its high uncertainty due to some reasons such as large input 41 

data and long processing time, it is necessity to select sub-watershedsas a small-scale 42 

hydrological unit to prioritize them based on their flood potential (Aher et al., 2014; Anees et 43 

al., 2019; Shivhare et al., 2018). In this context, there are variety of approaches available to 44 

analysis and prioritize sub-watersheds using Multi Criteria Decision Analysis (MCDA) (Akay 45 

and Koçyiğit, 2020; Chitsaz and Banihabib, 2015; Ghaleno et al., 2020; Sepehri et al., 2019c), 46 

Soil and Water Assessment Tool (SWAT)(Mishra et al., 2007; Talebi et al., 2019a), artificial 47 

neural network (ANN) (Dehghanian et al., 2020), Storm Water Management Model 48 

(SWMM)(Babaei et al., 2018), support vector machine (SVM) (Fan et al., 2018; Tehrany et 49 

al., 2014) and The Hydrologic Modeling System (HEC-HMS) (Malekinezhad et al., 2017; 50 

Talebi et al., 2019b). Among aforementioned methods, MCDA has been taking into account 51 
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due to its capability to handle nonlinear and complex problems and its usability to prioritize 52 

ungauged watershed.  53 

MCDA are most usable methods which can be used to manage large amount of data 54 

and solving decision making under scale, quantitative, qualitative and conflict factors 55 

(Fernández and Lutz, 2010; Mahmoud and Gan, 2018). The Analytic Hierarchy Process (AHP) 56 

which was developed by Saaty (1980), due to some reasons such as cost-effective, ease to used 57 

and understand has made to one of the most popular method among MCDA (Zou et al., 2013), 58 

which has been successful in various natural hazard studies such as landslide (Bahrami et al., 59 

2020; Kayastha et al., 2013; Myronidis et al., 2016), flood magnitude (Lin et al., 2020; Sepehri 60 

et al., 2017; Swain et al., 2020), groundwater vulnerability(Abdullah et al., 2018; Das and Pal, 61 

2020; Sener and Davraz, 2013).  62 

Rahmati et al. (2016) identified most susceptibility sub-watersheds to flood magnitude 63 

using AHP and natural and anthropogenic factors. Mahmoud and Gan (2018) attempted to 64 

prepare flood hazard mapping in arid regions of Middle East using AHP and 10 flood- related 65 

factors i.e. annual rainfall, flow accumulation, distance to drainage network, elevation, slope, 66 

geology, land use/cover, drainage density, soil type and runoff. In other similar study, Dash 67 

and Sar (2020) used AHP to delineate flood susceptibility mapping. AHP was used to assigning 68 

weights to flood-related factors based on importance role of them on flood magnitude. The 69 

AHP and other similar methods is categorized as subjective or experts’ knowledge-based 70 

methods (Sepehri et al., 2019b; Smithson, 1989). In these methods, for assigning weights to 71 

factors, it is necessity to compare factors relative to each other. The process of comparison is 72 

the main source of inconsistency of these methods (Guo and Zhao, 2017). In this regard, several 73 

methods were developed to reduce the number of pairwise comparisons. In recent years, a new 74 

method was introduced by Rezaei (2015). This method is more optimal version of AHP with 75 

the need of less compared data, causing more consistency of the results. However, the weak 76 



4 
 

point of the BWM is related to kind of import data. This method such as AHP, use a limited 9-77 

point table. In here, experts face to a dilemma to choice a point of initial weighting to factors 78 

causing inconsistency in the results. Therefore, it is better to use fuzzy number other than 79 

limited 9-point table which is more in line with actual situations and can obtain more 80 

convincing ranking results (Ali and Rashid, 2019; Guo and Zhao, 2017).The sad ekbatan 81 

watershed in the field if floods and its related financial and ecological losses can be regarded 82 

as one of the most critical areas in central of Iran. However, there is no done comprehensive 83 

and efficient works to reduce the flood consequences. Thus the main objective of this study is 84 

to flood prioritization based on fuzzy- best worse multi criteria decision making method of 85 

efficient prioritizing sub-watersheds. 86 

 87 

2. Case study 88 

The sad ekbatan with an area of 180 km2 is watershed located in northern part of Hamadan 89 

province, Iran. The watershed coordinates system lies between 31°24/45″ to 31°27/ 29″ north; 90 

41°55/20″ to 41°57/34″ east (Fig. 1). The elevation map ranges of 1948 to 3442 meters above 91 

the sea level. Based on sad ekbatan climatology data, the average annual rainfall and 92 

temperature is 343.11 mm and +10.75 0C. From viewpoint of geology, the case study has 93 

located in Sanandaj- Sirjan metamorphic zone which has been categorized with sedimentary 94 

rock units, including Sl ،Mb ،Schg ،Schan ،Schst ،hc ،Schsp ،K1s,c ،Qt. Rangeland is one the 95 

most important covers in the case study, but in two last decade due to economic and social 96 

problems, this cover has been transferred to farming areas, leading to an increase of 30% in 97 

rate of runoff volume (Farokhzadeh et al., 2015).  98 

 99 

Fig.1: location map of the case study 100 

 101 

 102 
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2. Materials and Methods 103 

The used procedural in this study, is based on studies ofHazarika et al. (2018);Sepehri et al. 104 

(2019a); Arabameri et al. (2019) and Costache and Bui (2020)which can be summarized as 105 

three main stages:  106 

1. Establishing flood-related indices. 107 

2. Appling ensemble of Fuzzy method and BWM to assigning weights to used indices based 108 

on importance of them on flood magnitude. 109 

3. Prioritization of sub-watersheds using weighted overlay method (WOM) (Fig.2). 110 

Fig.2: Flowchart of the used methodology 111 

 112 

3.1 Flood-related indices 113 

The flood magnitude is a function of metrological and catchment properties which known as 114 

flood-related indices(Chen et al., 2019; Fernández and Lutz, 2010; Hong et al., 2018). 115 

Therefore, an acceptable flood hazard mapping is depending on quality of the spatial and 116 

temporal the indices. In this study based on best of our knowledge and field surveys, five flood-117 

related indices were considered. Those factors are: entropy of drainage network (En), index of 118 

connectivity (IC), stream power index (SPI), curvature (C) and curve number (CN).  119 

 120 

Entropy of drainage network (En): One of the most important geomorphic indices that can 121 

play a very important role in flood frequency and probability is the complexity of the drainage 122 

network(Ariza-Villaverde et al., 2013; Veltri et al., 1996; Zhang et al., 2015). In most studies 123 

of flood subjects, the authors use the simple features of drainage network for description of it. 124 

These features such as length of drainage network, radius of drainage network curvature, 125 

drainage density have not an accurate description of drainage network(Ildoromi et al., 2019; 126 

Zhang et al., 2015). In recent years, a new concept as irregularity has been raised between 127 

scholars to better describe the drainage network. The entropy concept, is one of the most 128 
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popular methods which can be used to assess the irregularity features of drainage network. To 129 

calculate entropy of drainage network, it is necessity to use box-counting algorithm. In the 130 

algorithm, the drainage network is beaks down to various pixel sizes and then by using Eq. 1, 131 

the entropy of drainage network is calculated.   132 

𝑃𝑖 = −𝑘∑𝑓𝑖𝑗 ln 𝑓𝑖𝑗𝑛
𝑗=1  (1) 

 133 

Where 134 𝑓𝑖𝑗 = 𝑟𝑖𝑗∑ 𝑟𝑖𝑗𝑛𝑗=1  135 

𝑟𝑖𝑗 = 𝑥𝑖𝑗 −min{𝑥𝑖𝑗}max {𝑥𝑖𝑗} − min{𝑥𝑖𝑗} 136 

 137 

Index of connectivity (IC): In hydrology studies, the concept of connectivity is used for 138 

description of geomorphic features (Wohl et al., 2019) and process-based dynamic researches 139 

and can be defined as degree of sediment or runoff coupling between landscape elements 140 

(Borselli et al., 2008; Heckmann et al., 2018). Sediment connectivity showing the potential 141 

moving of a special particle of source to sink to different temporal and spatial scales (Fryirs, 142 

2013; Llena et al., 2019). In order to prepare a flood hazard map with high accuracy, it is 143 

necessity to use connectivity indices. 144 

In recent years, several hydrological connectivity indices have been developed to 145 

evaluate the potential for a landscape to be connected (Calsamiglia et al., 2018). On the other 146 

hand, the existence of the raster-based indices can be considered as an opportunity to assess 147 

the spatial distribution of the sediment connectivity (Llena et al., 2019). The index of 148 

connectivity which introduced by Borselli et al. (2008)is known as most popular method which 149 

has used in this study (Eq. 2). 150 

𝐼𝐶 = 𝑙𝑜𝑔10 (𝐷𝑢𝑝𝐷𝑑𝑛) (2) 
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 151 

The numerator of this equation (i.e. Dup) which called as upslope component, demonstrates 152 

the potential of upslope of a pixel in downward routing of sediment/runoff and denominator 153 

(i.e. Ddn) represents the flow length of the pixel has to travel to nearest sink or target (Llena et 154 

al., 2019; Schopper et al., 2019). Dup is calculated as follows: 155 𝐷𝑢𝑝 = �̅�s̅√𝐴 (3) 

Where w̅ and s̅ are average weighting and slope gradient (m/m) of the upslope contributing 156 

area, respectively and A is upslope contributing area (m2). The Ddn is computed as:  157 

𝐷𝑑𝑛 =∑ 𝑑𝑖𝑤𝑖𝑠𝑖𝑖  (4) 

 158 

Where di is length of the pixel (i) along downslope (m), wi and si are the weight and sloe of 159 

pixel (i), respectively. 160 

Based on studies of Mayor et al. (2008), López-Vicente and Ben-Salem (2019), Schopper et 161 

al. (2019), and Sepehri et al. (2020), we computed wi using following equation: 162 

𝑤𝑖 = (1 − (𝑀𝑒𝑎𝑛 𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒 − 𝐴𝑙𝑡𝑖𝑡𝑢𝑑𝑒)𝑅𝑎𝑛𝑔𝑒 𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒 ) (5) 

 163 

The altitude for each pixel through the case study can be extracted from DEM. 164 

 165 

Stream power index (SPI): In hydrology studies, this parameter is known as bridge for 166 

connection between water flow paths, flow accumulations and slope(Chen and Yu, 2011; 167 

Danielson, 2013; Regmi et al., 2014). This parameter can be calculated from digital elevation 168 

model (DEM) in ArcGIS10.7 using Eq. 6 (Nampak et al., 2014).  At the specific point of the 169 

topographic surface, the higher values of the parameter show that surface water has more 170 

strength of erosive rather than lower values (Moore and Grayson, 1991).  171 𝑆𝑃𝐼 = 𝐴𝑠 tanẞ (6) 

 172 
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Curvature: Curvature is the one of the mostly used morphometric factor which describe the 173 

shape of the ground surface (Il'Inskii and Yakimov, 1987). In this study, the parameter was 174 

extracting from DEM in ArcGIS 10.7. The value of the parameter varies from negative 175 

(concave areas) to until positive values (convex areas).  Convex are the process of runoff is 176 

dominating and they are responsible for downslope flooding (Costache and Bui, 2020; Zaharia 177 

et al., 2017).  178 

 179 

Curve number (CN): The CN is a conceptual and empirical parameter which developed in 180 

1954 by the USDA Soil Conservation Service(Rallison, 1980). This parameter is a function of 181 

land use and hydrologic soil group which is used for determination of the potential runoff in 182 

hydrologic engineering and environmental impact analyses (Ponce and Hawkins, 1996). 183 

 184 

3.2 The Proposed F-BWM Model 185 

3.2.1 Fuzzy Sets and triangular fuzzy numbers 186 

The subjective MCDA is sensitive to experts’ judgments, causing difficultly evaluating the 187 

weights when the experts uses natural language such as “very better”, “somewhat worse”, or 188 

“so much better” to express a kind of general preferences(Hafezalkotob and Hafezalkotob, 189 

2017). In mathematics, these natural languages are categorized as crisp sets. The concept of 190 

crisp sets only implied on full membership and non-membership, whereas in fuzzy set each 191 

elements can be partially membership(Boakai, 2016; Sepehri et al., 2019c). For the first time, 192 

the concept of fuzzy system was introduced and characterizedusing membership functions by 193 

Zadeh (1965) which grading membership between 0 and 1.In decision- making problems, the 194 

triangular fuzzy number (TFN) is one of the most used membership functions, which can be 195 

donated to triplet (l, m, u), where𝑙 < 𝑚 < 𝑢(Dong et al., 2021; Guo and Zhao, 2017). 196 

Thetriangular fuzzy number is as follow: 197 
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𝜇�̃� = {  
  0,       𝑥 < 𝑙𝑥 − 𝑙𝑚 − 𝑙 , 𝑙 ≤ 𝑥 ≤ 𝑚𝑢 − 𝑥𝑢 −𝑚 , 𝑚 ≤ 𝑥 ≤ 𝑢0,    𝑥 ≥ 𝑢

 (7) 

Where l, m, u are the lower, median and upper numbers of Ã (for the basic mathematical 198 

calculations of two TFNs, can be referred to (Carlsson and Fullér, 2001). 199 

3.2.2 Fuzzy best-worst method (F-BWM) 200 

Best-worst method (BWM) proposed by Rezaei (2015) is a new subjectively MCDA which 201 

can be used to derive optimal weights of criteria set{𝑐1, 𝑐1, … , 𝑐𝑗 , … , 𝑐𝑛}. In this content, it is 202 

necessity to determine the best (e.g., the most favorable) and the worst (e.g., the least favorable) 203 

of criteria by experts. Afterwards, these criteria are compared relative to each other based on 204 

natural language. In F-BWM, it is necessity to transfer the natural language to fuzzy rating 205 

based on rules of transformation in Table. 1 (Dong et al., 2021; Guo and Zhao, 2017). The 206 

fuzzy comparison can be showed as follows: 207 

�̃� = [𝑎1̃1 ⋯ 𝑎1̃𝑛⋮ ⋱ ⋮𝑎 ̃𝑛1 ⋯ 𝑎 ̃𝑛𝑛] (8) 

Where each element of the matrix �̃� represent the relative importance of criterion i to criterion 208 

j, 𝑎𝑖𝑗 = (1,1,1)when𝑖 = 𝑗. It must be noted that in BWM method, there is no need to n fuzzy 209 

performance comparison to obtain a completed matrix�̃�. 210 

Table 1: Transformation rules of natural languages to membership functions 211 

In the current study, the details of F-BWM algorithm to calculate the fuzzy weights can be 212 

brieflydescribed as follow(Dong et al., 2021; Guo and Zhao, 2017): 213 

1. Provide a set of desired criteria {𝑐1, 𝑐1, … , 𝑐𝑗, … , 𝑐𝑛} 214 

2. Determine the best (𝑐𝐵) and worst (𝑐𝑊) criterion 215 

3. Provide �̃�𝐵 which showsfuzzy reference comparisons of 𝑐𝐵over all the criteria. 216 �̃�𝐵 = [𝑎 ̃𝐵1, 𝑎 ̃𝐵2, … , 𝑎 ̃𝐵𝑛] (9) 
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Where 𝑎 ̃𝐵𝑗 is the fuzzy preference of 𝑐𝐵over𝑐𝑗,𝑎 ̃𝐵𝑗 = (𝑎𝐵𝑗𝑙 , 𝑎𝐵𝑗𝑚 , 𝑎𝐵𝑗𝑢 ), j=1,2,…,n and 𝑎 ̃𝐵𝐵 =217 (1,1,1) 218 

4. Provide �̃�𝑊 which shows fuzzy reference comparisons of all the criteriaover𝑐𝑊. 219 �̃�𝑊 = [𝑎1̃𝑊, 𝑎 ̃2𝑊, … , 𝑎 ̃𝑛𝑊] (10) 

Where 𝑎�̃�𝑊 is the fuzzy preference of 𝑐𝑗 over𝑐𝐵,𝑎�̃�𝑊 = (𝑎𝑗𝑊𝑙 , 𝑎𝑗𝑊𝑚 , 𝑎𝑗𝑊𝑢 ), j=1,2,…,n and 𝑎 ̃𝑊𝑊 =220 (1,1,1) 221 

5. Determine the optimal fuzzy weight𝑤 ̃∗ = [𝑤1̃∗ , 𝑤 ̃2∗ , … , 𝑤 ̃𝑛∗ ], where 𝑤�̃�∗ =222 (𝑤𝑗∗𝑙 , 𝑤𝑗∗𝑚, 𝑤𝑗∗𝑢) shows the optimal fuzzy weight of 𝑐𝑗 which is calculated using below 223 

model: 224 

minmax𝑗 {|𝑤 ̃𝐵𝑤�̃� − 𝑎 ̃𝐵𝑗| , | 𝑤�̃�𝑤 ̃𝑤 − 𝑎�̃�𝑤|} (11) 

 225 

𝑠. 𝑡.
{   
   ∑𝑅(�̃�𝑖) = 1𝑛
𝑗=1𝑙𝑗𝑤 ≤ 𝑚𝑗𝑤 ≤ 𝑢𝑗𝑤𝑙𝑗𝑤 ≥ 0𝑗 = 1,2, … , 𝑛

 226 

Where𝑤 ̃𝐵 = (𝑙𝐵𝑤,𝑚𝐵𝑤, 𝑢𝐵𝑤), 𝑤�̃� = (𝑙𝑗𝑤, 𝑚𝑗𝑤, 𝑢𝑗𝑤), 𝑤 ̃𝑊 = (𝑙𝑊𝑤 , 𝑚𝑊𝑤 , 𝑢𝑊𝑤 ), 𝑎 ̃𝐵𝑗 =227 (𝑙𝐵𝑗𝑤 , 𝑚𝐵𝑗𝑤 , 𝑢𝐵𝑗𝑤 ),𝑎�̃�𝑊 = (𝑙𝑗𝑊𝑤 , 𝑚𝑗𝑊𝑤 , 𝑢𝑗𝑊𝑤 ) and 𝑅(�̃�𝑗) = 1/6(𝑤𝑗𝑙 + 4𝑤𝑗𝑚 + 𝑤𝑗𝑢) 228 

The above model can be transferred as below optimization model which are based on 229 

consistency ratio (ξ) (next step). 230 min 𝜉 (12) 
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𝑠. 𝑡.
{  
   
   
  |𝑤 ̃𝐵𝑤�̃� − 𝑎 ̃𝐵𝑗| ≤ �̃�
| 𝑤�̃�𝑤 ̃𝑊 − 𝑎�̃�𝑊| ≤ �̃�∑𝑅(�̃�𝑗)𝑛
𝑗=1 = 1𝑙𝑗𝑤 ≤ 𝑚𝑗𝑤 ≤ 𝑢𝑗𝑤𝑙𝑗𝑤 ≥ 0𝑗 = 1,2, … , 𝑛

 

Where 𝜉 ̃ = (𝑙𝜉 , 𝑚𝜉 , 𝑢𝜉) and it can be assumed that �̃�∗ = (𝑘∗, 𝑘∗, 𝑘∗) ≤ 𝑙𝜉, then Eq. 12can be 231 

transferred  as:  232 min �̃�∗ 

𝑠. 𝑡.
{  
   
   
  |(𝑙𝐵𝑤, 𝑚𝐵𝑤, 𝑢𝐵𝑤)(𝑙𝑗𝑤, 𝑚𝑗𝑤, 𝑢𝑗𝑤) − (𝑙𝐵𝑗 , 𝑚𝐵𝑗 , 𝑢𝐵𝑗)| ≤ (𝑘∗, 𝑘∗, 𝑘∗)
|(𝑙𝑗𝑤, 𝑚𝑗𝑤, 𝑢𝑗𝑤)(𝑙𝑊𝑤 ,𝑚𝑊𝑤 , 𝑢𝑊𝑤 ) − (𝑙𝑗𝑊, 𝑚𝑗𝑊, 𝑢𝑗𝑊)| ≤ (𝑘∗, 𝑘∗, 𝑘∗)∑𝑅(�̃�𝑖) = 1𝑛

𝑗=1𝑙𝑗𝑤 ≤ 𝑚𝑗𝑤 ≤ 𝑢𝑗𝑤𝑙𝑗𝑤 ≥ 0𝑗 = 1,2, … , 𝑛
 

(13) 

 233 

By solving above model, the optimal fuzzy weight(𝑤1̃∗ , 𝑤 ̃2∗ , … , 𝑤 ̃𝑛∗ ) can be calculated. 234 

6. Determine the consistency ratio using Eq. 14and Table. 2(its calculation is same as 235 

BWM (refer to Rezaei (2015)). 236 

𝜉2 − (1 + 2�̃�𝐵𝑊)𝜉 + (�̃�𝐵𝑊2 − �̃�𝐵𝑊) = 0,   𝐶𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑦𝑟𝑎𝑡𝑖𝑜=  𝜉∗𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑦𝑖𝑛𝑑𝑒𝑥 
(14) 

 237 

Table 2: Consistency index (CI) values. 238 

 239 

 240 
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3.2.3 Removing scales of raster flood related- criteria 241 

3.2.3.1 Transforming values of raster flood related- criteria to specific value 242 

The F-BWM is related to importance of criteria related to each other. It is obvious that the 243 

internal values of each criterion have difference importance of flood degree which must be 244 

considered. Also, apart En and CN criteria,the all used flood-related criteria are raster file 245 

(current format of ArcGIS10.7). In order to prioritize sub-watershed, it is necessity to transform 246 

raster file to a specific value which is proxy of flooding degree. To do this, the below algorithm 247 

was used.  248 

 Reclassify the values of raster criteria for each sub-watershed 249 

Each sub-catchment was divided into five clusters based on the IC values. To this end, a 250 

classification table was first prepared. The table’s interval values were obtained from a sub-251 

catchment which has maximum standard deviation (SD). On the other hand, the table’s 252 

boundary values, i.e. the minimum and maximum values of the table, were estimated based on 253 

the minimum and maximum IC values across all sub-catchments. 254 

 Assigning a specific value of each sub-watershed 255 

A specific value was assigned to each sub-catchment. To this end, BWM was used for pairwise 256 

comparisons and ranking was assigned to each class (κij) based on the flooding degree by each 257 

IC class, in that the sediment production rate increases with increasing these indices (Table 258 

3).Then, a specific value of Hi was assigned to each sub-catchment using Eq. 15. 259 

𝐻𝑖 =∑𝜅𝑖𝑗 ∗ 𝑥𝑖𝑗5
𝑗=1  (15) 

 260 

Where xij represents the area of under different classesrastercriteria (stage 1) rather than total 261 

area of case study, and index i and j are sub-watershed number and degree of IC (i.e., very low 262 

(j=1), low (j=2), moderate (j=3), high (j=4) and very high (j=5)). 263 

 Determination of inter-criteria weighting 264 
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The F-BWM is related to importance of criteria relative to each other. It is obvious that the 265 

internal values of each criterion have difference importance of flood degree which must be 266 

considered. After previous stage, since al all used criteria (both raster and vector criteria) had 267 

direct relationship of flood degree, the Eq. 16 was used to rescale all criteria which shows the 268 

inter-criteria weighting. 269 

𝑅(𝑤𝐻𝑖) = 𝐻𝑖 −Min (𝐻𝑖=1:32)Max (𝐻𝑖=1:32) − Min(𝐻𝑖=1:32) (16) 

 270 

3.3 Weighted overlay method (WOM) 271 

After assigning outer and inner criteria weighting, it is necessity to combination of both weights 272 

to obtain flood hazard degree for each sub-watershed. In this study, to do this, the method of 273 

WOM due to having replacement property, was used (Eq. 17)(Raj and Shaji, 2017; Sepehri et 274 

al., 2020; Thapa et al., 2017). In the property, the lower weights of some criteria can be 275 

compensated for another criterion that has a higher weight.  276 𝐹𝐻𝑖=1:32 = 𝑅(�̃�𝑗) ∗ 𝑅(𝑤𝐻𝑖)                                                                                      (17) 277 

 278 

4. Results 279 

The statistical analysis of F-BWM has been used to prioritize sub-watersheds based on degree 280 

of flood hazard. In this regard, five flood-related criteria i.e. entropy of drainage network (C1), 281 

index of connectivity (C2), stream power index (C3),curvature (C4) and curve number (C5) 282 

were used. Based on experts’ knowledge and field survey, the entropy of drainage network (c1) 283 

and curve number (c5) is considered as the best and worst criteria. Next, the fuzzy preferences 284 

to best criterion over other criteria (vector  �̃�𝐵 ) and all criteria over worst criteria (vector  �̃�𝑊) 285 

was determined. Then, based on step 5, the optimal fuzzy weight can be done to obtain the 286 

weights. 287 min �̃�∗ 288 
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𝑠. 𝑡.

{  
   
   
   
   
  |(𝑙1𝑤, 𝑚1𝑤, 𝑢1𝑤)(𝑙5𝑤, 𝑚5𝑤, 𝑢5𝑤) − (𝑙15,𝑚15, 𝑢15)| ≤ (𝑘∗, 𝑘∗, 𝑘∗)
|(𝑙1𝑤, 𝑚1𝑤, 𝑢1𝑤)(𝑙4𝑤, 𝑚4𝑤, 𝑢4𝑤) − (𝑙14,𝑚14, 𝑢14)| ≤ (𝑘∗, 𝑘∗, 𝑘∗)
|(𝑙1𝑤, 𝑚1𝑤, 𝑢1𝑤)(𝑙3𝑤, 𝑚3𝑤, 𝑢3𝑤) − (𝑙13,𝑚13, 𝑢13)| ≤ (𝑘∗, 𝑘∗, 𝑘∗)...|(𝑙5𝑤,𝑚5𝑤, 𝑢5𝑤)(𝑙1𝑤,𝑚1𝑤, 𝑢1𝑤) − (𝑙55,𝑚55, 𝑢55)| ≤ (𝑘∗, 𝑘∗, 𝑘∗)|(𝑙4𝑤,𝑚4𝑤, 𝑢4𝑤)(𝑙1𝑤,𝑚1𝑤, 𝑢1𝑤) − (𝑙45,𝑚45, 𝑢45)| ≤ (𝑘∗, 𝑘∗, 𝑘∗)|(𝑙3𝑤,𝑚3𝑤, 𝑢3𝑤)(𝑙1𝑤,𝑚1𝑤, 𝑢1𝑤) − (𝑙35,𝑚35, 𝑢35)| ≤ (𝑘∗, 𝑘∗, 𝑘∗)

 289 

The above nonlinearity optimization problem can be transferred as crisp values, as follow: 290 min𝑘∗ 291 

𝑠. 𝑡.

{  
   
   
  
   
   
   
 𝑙1 − 4 ∗ 𝑢5 ≤ 𝑘; 𝑙1 − 4 ∗ 𝑢5 ≥ −𝑘𝑚1 − 5 ∗ 𝑚5 ≤ 𝑘;𝑚1 − 5 ∗ 𝑚5 ≥ −𝑘𝑢1 − 6 ∗ 𝑙5 ≤ 𝑘; 𝑢1 − 6 ∗ 𝑙5 ≥ −𝑘𝑙1 − 3 ∗ 𝑢4 ≤ 𝑘; 𝑙1 − 3 ∗ 𝑢4 ≥ −𝑘𝑚1 − 4 ∗ 𝑚4 ≤ 𝑘;𝑚1 − 4 ∗ 𝑚4 ≥ −𝑘𝑢1 − 5 ∗ 𝑙4 ≤ 𝑘; 𝑢1 − 5 ∗ 𝑙4 ≥ −𝑘. . .𝑙4 − 1 ∗ 𝑢1 ≤ 𝑘; 𝑙4 − 1 ∗ 𝑢1 ≥ −𝑘𝑚4 − 2 ∗ 𝑚1 ≤ 𝑘;𝑚4 − 2 ∗ 𝑚1 ≥ −𝑘𝑢4 − 3 ∗ 𝑙1 ≤ 𝑘; 𝑢4 − 3 ∗ 𝑙1 ≥ −𝑘𝑙3 − 2 ∗ 𝑢1 ≤ 𝑘; 𝑙3 − 2 ∗ 𝑢1 ≥ −𝑘𝑚3 − 3 ∗ 𝑚1 ≤ 𝑘;𝑚3 − 3 ∗ 𝑚1 ≥ −𝑘𝑢3 − 4 ∗ 𝑙1 ≤ 𝑘; 𝑢3 − 4 ∗ 𝑙1 ≥ −𝑘16 ∗ 𝑙1 + 16 ∗ 4 ∗ 𝑚1 + 16 ∗ 𝑢1 +⋯+16 ∗ 𝑙5 + 16 ∗ 4 ∗ 𝑚5 + 16 ∗ 𝑢5 = 1𝑙1 ≥ 𝑚1 ≥ 𝑢1; … ; 𝑙5 ≥ 𝑚5 ≥ 𝑢5𝑙1 ≥ 0;… , 𝑙5 ≥ 0𝑘 ≥ 0

 292 

By solving above optimization problem, the weights of used flood-related criteria were 293 

determined.  294 
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𝑤1̃∗ = (0.32, 0.42, 0.48); 𝑤 ̃2∗ = (0.32, 0.24, 0.20); 𝑤 ̃3∗ = (0.18, 0.16, 0.15); 𝑤 ̃4∗ =295  (0.09, 0.12, 0.12); 𝑤 ̃5∗ = (0.06, 0.07, 0.09); �̃�∗ = (0.045, 0.045, 0.045) 296 

 297 

4.1 Analysis of inter-criteria weighting 298 

In order to determine the entropy (EN) for each of the 31 sub-watersheds, a box counting 299 

method was used, with the size of boxes being about 0.08 mm × 0.08 mm until 168.66mm × 300 

168.66 mm. Then, the number of boxes in which the river network was present was calculated. 301 

Finally, the EN criterion values of each sub-watershed were determined with respect to the 302 

changes in counting of boxes (Fig. 3). The final results show that the sub-watershed 5 has the 303 

highest EN value (1.4) among other sub-watersheds. According to Fig. 1, the drainage network 304 

of this sub-watershed has the greatest branch and complexity. After calculating EN values of 305 

each sub-watershed, the all values were rescaled by using Eq. 16 which shows the inter-criteria 306 

weighting for each sub-watershed (Table 4).  307 

 308 

Fig. 3a: doing algorithm of box-counting method and,b: calculating EN based on box-309 

counting method 310 

 311 

For calculating the inter-criteria weighting for IC, SPI and curvature criteria, the algorithm 312 

which was mentioned in section 4.3, was used. For example in IC criterion, after calculating 313 

the IC for each sub-watershed (Fig. 4), the results showed that the sub-watershed 29has the 314 

maximum value of SD (0.91) and the other and the sub-watersheds 13(-1.65)and 20 (-315 

10.86)have the maximum and minimum values of IC through all sub-watersheds. Therefore, 316 

for preparing the classification table to reclassify values of IC for each sub-watershed, the 317 

values of sub-watershed 29 were used for internal values of classification table and maximum 318 

and minimum values of IC regarding IC index were used for boundary conditions of 319 

classification table(Fig. 4). The IC classification table can be shown as very low (-10.85 to -320 
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7.19), low (-7.19 to -6.19), moderate (-6.19 to -5.40), high (-5.40 to -4.65) and very high (-4.65 321 

to -1.57). After classifying the values of IC into five degrees of IC, a special weight using 322 

BWM method which varies from 0.06 and 0.41 was assigned to each class based on importance 323 

of it on rate of flooding degree and then by using Eqs. 15 and 16, final weight if IC for each 324 

sub-watershed was determined (the process of weighting of curvature and SPI is similar to IC 325 

(Tables 5: 7). Regarding CN criterion, the value of CN for each sub-watershed which was 326 

prepared for general department of natural resources of Hamadan province by using Eq. 16, 327 

the final weight for each sub-watershed was determined. 328 

 329 

Fig. 4: IC Values for sub-watersheds 330 

Table 4: Assigning inter-criteria weighting to EN index 331 

Table 5: Assigning inter/outer-criteria weighting to IC index 332 

Table 6: Assigning inter/outer-criteria weighting to curvature index 333 

 334 

4.2 Flood magnitude prioritization 335 

After calculating the weights of criteria, the flood prioritization was provided by integration of 336 

criteria in WOM method (Fig. 5).  337 𝐹𝐻𝑖=1:32 = 𝑅𝐸𝑁(�̃�𝑗) ∗ 𝑅𝐸𝑁(𝑤𝐻𝑖) + 𝑅𝐼𝐶(�̃�𝑗) ∗ 𝑅𝐼𝐶(𝑤𝐻𝑖) + 𝑅𝑆𝑃𝐼(�̃�𝑗) ∗ 𝑅𝑆𝑃𝐼(𝑤𝐻𝑖) + 𝑅𝐶𝑈(�̃�𝑗)338 ∗ 𝑅𝐶𝑈(𝑤𝐻𝑖) + 𝑅𝐶𝑁(�̃�𝑗) ∗ 𝑅𝐶𝑁(𝑤𝐻𝑖) 339 

 340 

5. Discussion 341 

In watershed scale, the sub-watersheds based on their morphometric and hydrologic properties 342 

have different hydrological behavior regarding flood degree, erosion and sedimentation. 343 

Therefore, prioritization of sub-watershed is known as crucial step for watershed management 344 

strategies.  Subjective MCDA is mostly used methods for flood prioritization. These methods 345 

based on Smithson (2012) are categorized as knowledge-based methods, so that the results of 346 
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desired study are function of experts’ decision, leading to high uncertainty of results.  In this 347 

regard, BWM can be used as efficiency method to reduce the number of experts’ decision 348 

(Rezaei, 2015). However, the existence of qualitative judgments on BWM (i.e. 9-point table) 349 

can be considered as one of the main sources of uncertainty in this method, therefore, in this 350 

study we used TFN to nearly resolve the drawback of qualitative judgments (Bellman and 351 

Zadeh, 1970; Guo and Zhao, 2017; Zhao and Guo, 2014, 2015).  352 

Fig. 4 shows the results of F-BWM in flood prioritization. Based on the figure, the land 353 

used of sub-watershed 14 is composed as rock and rangeland ІІІ, leading to high value of CN, 354 

IC. Also, on the other hand the drainage network of the sub-watershed has the maximum 355 

entropy value of all sub-watersheds. On the contrary, the sub-watershed 15 has located in final 356 

rank of flood prioritization. In this sub-watershed due to existence of straight drainage 357 

networks, the value of the entropy of drainage network as most flood-related criteria has located 358 

in minimum level. 359 

 360 

6. Conclusion 361 

In the current study, five flood-related criteria i.e. EN, IC, CN, curvature and SPI were used to 362 

flood prioritization in the case study. In this regard, F-BWM as knowledge-based method was 363 

used to assigning initial weights to criteria and combination them to earn flood degree. The 364 

conclusion can be drawn that the EN is the most important flood-related criterion, so that the 365 

sub-watershed 14 and 21 which have most and least rank of flooding degree, have the 366 

maximum and minimum value of EN. In flood studies, in spite of flood degree, the main other 367 

point which must be considered is related to consequences of flood events which known as 368 

flood risk. In this state, the critical sub-watersheds can be better recognized for doing watershed 369 

management strategies.   370 

 371 
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Figures

Figure 1

location of the case study Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning



the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of
its frontiers or boundaries. This map has been provided by the authors.

Figure 2

�owchart of the used methodology



Figure 3

a: doing algorithm of box-counting method and, b: calculating EN based on box-counting method



Figure 4

IC Values for sub-watersheds (Right to left is No. 1 to No. 31, respectively)



Figure 5

Flood prioritization of the case study Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research
Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.


