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Abstract
Floods are amongst the most catastrophic natural disasters, having enormous impacts on both
infrastructure and humans. Between 1998 and 2017, this detrimental phenomenon a�icted more than
two billion individuals globally. The present investigation utilized two phases of spatial analysis and
spatial statistics from ArcGIS in order to precisely assess the hazard of �ooding in the Darab watershed,
Iran. Following a survey of literature and case studies, seven criteria for �ood risk were recognized to be
effective: dem, slope, drainage density, NDVI, land cover, geology, and rainfall. The initial phase was
operated using fuzzy logic and AHP in order to overlap layers. In order to prepare of �ood hazard
mapping, kernel density and zonal statistics were used to compute �ood hazard density and �ood hazard
zoning. In �ood hazard zones, spatial statistics in ArcGIS Pro were applied to detect high-and low-risk
clusters. An innovation in this study is the use of local data to detect high-risk and low-risk �ood clusters.
According to the �ndings, the Gamma operator (0.9) was recognized as the optimal operator for �ooding
zoning, and only 7344/63432 hectares of the study area had a high risk of �ooding, with only two high-
risk �ooding clusters in the Darab watershed. The boundary was near the heights in the north and
northeast of the study, which corresponded to townships with a population of less than 5,000 people.
Overall, the �ndings of this study demonstrated that clusters and outliers' analysis, as well as hotspot
analysis, are effective complementary techniques to recognize high- and low-risk �ood clusters.
Combining spatial analysis with spatial statistics may be a reliable and e�cient approach for natural
scienti�c investigations.

 1. Introduction
Floods, as one of the most catastrophic natural disasters, cause signi�cant economic and human losses,
affecting over two billion people globally between 1998 and 2017 (WHO, 2021). Floods were responsible
for 43% of the 7255 natural disasters documented during 1998–2017 (UNISDR and CRED, 2018). Every
year, this phenomenon costs countries billions of dollars and kills hundreds of people (Demir and Kisi,
2016). Due to global concerns regarding an increase in natural disasters, numerous studies have been
conducted to evaluate various aspects of the origin and risk assessment of �oods since the early
twentieth century (Svetlana et al., 2015). Park and Won (2019) assessed �ooding risk by surveying
environmental factors across several sites with the objective of lowering urban �ash �ooding. Pham et al.
(2021) investigated 84 �ood hazard spots in Guang Nam province, Vietnam. Additionally, Khoirunisa et
al. (2021) examined data from 307 �oods that occurred in Keelung, Taiwan, between 2015 and 2019.
Following their conclusions, the principal causes of �ooding are rapid snowmelt, extreme rainfall,
tsunamis, altitude, steep slopes, and poor drainage (WHO, 2021; Rincón et al., 2018; Ogato et al., 2020).
Along with environmental factors, human activities such as deforestation, land-use change,
industrialization, soil erosion, and climate change intensify �ood phenomena and their corresponding
consequences. Given the signi�cant temporal and spatial variability of �ood events, a systematic and
continuous spatial and temporal evaluation of �ood hazard, as well as an awareness of its drivers, is
critical for �ood management (Tang et al., 2021). Flood hazard assessment enables researchers to
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pinpoint the probability of a �ood occurring in a particular location or time frame (Argaz et al., 2019). This
assessment requires an examination of the physical and geographical characteristics of �ood inducers
(Tanoue et al., 2016). In this regard, a study by Pourghasemi et al. (2020) noted the signi�cance of spatial
modeling of �ood phenomena. Organizing a �ood susceptibility map is critical for addressing this
perilous occurrence (Saha et al., 2021). Floodwater zoning maps are predominantly used to provide vital
information for disaster management.

Remote sensing (RS) and geographic information system (GIS) can offer a critical appraisal of the
potential for �ood hazards in the short timeframe required to generate a zonation map. Psomiadis et al.
(2021) employed RS and GIS to assess the �ood hazard on the Aegean Sea's southernmost island.
Additionally, Osei et al. (2021) utilized a GIS-based framework for analyzing �ood hazard areas in
Ghana's Tarkwa mine area and found that 42.59% of the studied area was exposed to �ooding. Rahmati
et al. (2016) reported that the AHP method is incredibly e�cient for accurately predicting �ood risk and
that both the AHP and GIS methods are appropriate for examining the potential for �ood hazard,
particularly in areas with limited data. Msabi and Makonyo (2021) demonstrated that preventing �oods is
unattainable due to climate change. On the other hand, attempting to create a �ood susceptibility map
can help alleviate �ood impacts. Cities as the most at-risk sites should be examined on a continual basis,
and �ood zone maps and mitigation strategies should be addressed. (Rincón et al., 2018). It is reported
that cities increase the ground impermeable layer, raising the risk of �ooding by lowering the hydrological
response time (Feng et al., 2021). Along with metropolitan regions, villages are at risk of severe �ooding
owing to a lack of vulnerability assessment (Desalegn and Mulu, 2021). According to Liu et al. (2020),
�oods are a substantial threat to rural China. Commercial and entertainment opportunities are available
in the �oodwatersheds and locations near rivers. However, they are always at risk of �ooding. Therefore,
developing rural areas adjacent to rivers and watersheds regardless of the hydrological and dynamic
circumstances increases the risk of �ooding and associated effects. Heavy and unexpected precipitation
in arid and semi-arid areas results in �oodwaters, which can be extremely catastrophic (Ghazavi et al.,
2012).

Iran, as one of the world's arid and semi-arid regions, has experienced frequent �oods during the last two
decades (Modarres et al., 2016). Annually, enormous and detrimental �oods occur in Iran as a result of
the wide area and signi�cant temporal and geographical variability of precipitation in the majority of
basins, having a devastating impact on the country's towns and natural ecosystems (Arabameri et al.,
2019). Iran experiences approximately 40 �oods every year, and the frequency of �oods and the
corresponding damage are rising in the majority of watersheds. The August 2019 �ood catastrophe in
Iran affected 28 provinces (WHO, 2019), killed 210 people, and caused $31 million in damage. As a result,
the dynamics of �ood risk in Iran have recently attracted the attention of hydrologists and specialists in
watershed management, resulting in the presentation of a considerable number of scienti�c papers.
Maryanaji et al. (2020) determined the �ood danger in Hamadan province based on its climatic
characteristics. Arabameri et al. (2019) employed statistical multiple-criteria decision-making to
determine the sensitivity of �ood hazard in northern Iran and concluded that variables such as slope,
distance to �ood �ow, land cover, and vegetation all play a signi�cant role in �ood generation.
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Fars province, located in southern Iran, is at a signi�cant risk of natural disasters such as earthquakes
and �oods due to its unique geographical characteristics and changeable weather conditions. Darab is
one of the cities in Fars province that has considerable �ood risks, as urban �ash �ooding imposes
substantial damage to urban infrastructure. However, limited investigations have addressed �ooding
vulnerability and risk assessments in this region. Accordingly, this study attempts to (i) characterize the
�ood zone of the Darab watershed by analyzing slope, NDVI, land cover, geology, precipitation, drainage
density, DEM, and distance from the river; and (ii) identify the spatial distribution pattern of �ood hazard
according to the residential areas and its relationship with land cover using the tools of spatial statistics
and spatial analysis in  ArcGIS Pro.

2. Materials And Methods

2.1. Study area
Darab city is located in Fars province's southeast region and has a population of approximately 201489
people. Darab has an area of around 7500 square kilometers and rises to an elevation of 1180 meters
above sea level. The majority of Darab is characterized by a tropical climate, with precipitation mostly in
the form of rain and totaling less than 350 millimeters per year. The Darab watershed and its elevations
cover an area of 894.37 square kilometers and 1509.23 square kilometers, respectively, for a total of
2403.60 square kilometers. The average annual temperature in the watershed is 21.9 degrees Celsius,
while it is 13 degrees Celsius in the mountains. This region is classi�ed as having arid and semi-arid
weather. The geographical location of the studied area is shown in Fig. 1.

2.2. Methodology
This study used two phases of spatial analysis and spatial statistics in ArcGIS Pro to accurately evaluate
the hazard of �ooding in the studied area. The general steps in the �rst phase (spatial analysis) include
data collection, rasterization, standardization using fuzzy membership functions, weighting by employing
the hierarchical method, and overlaying the layers using fuzzy operators.  After preparing the �ood hazard
zone, kernel density and zonal statistics were used for calculating the �ooding hazard density based on
the distribution of residential areas and zoning the �ooding hazard based on land cover. Furthermore,
spatial statistics (the second phase) in ArcGIS Pro were used to �nd the high and low-risk areas of
�ooding. In this phase, the spatial distribution pattern of �ooding in the studied area was identi�ed
globally by using spatial autocorrelation and average nearest neighbor; high-risk and low-risk clusters of
�ooding were identi�ed locally using hot spot analysis and cluster and outlier analysis.

2.2.1 Spatial analysis 

Flood hazard mapping
According to the literature (Mngutyo et al., 2013; Ogato et al., 2020; Kazakis et al., 2015), seven criteria,
including  height ,  slope  ,   drainage density , NDVI, land cover,   geology,  and precipitation  were selected as the
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effective criteria of �ooding hazard in the studied area.   These characteristics correspond to the
Environmental Protection Agency's and Interior Ministry's standards and requirements, as well as global
experience (Table 2). In this research, �ooding hazard zoning was executed in four phases, the most
critical of which were fuzzi�cation and weighing the criteria.

Table 2
Characteristics of the effective criteria in �ood hazard mapping

Data Format-
type

Accuracy
(meter)

Source

Drainage
density

Vector-line 12.5 DEM

Geology Vector-
polygon

25000 Geological Survey of Iran

Slope Raster 12.5 DEM

DEM Raster 12.5 Vertex.daac.asf.alaska.edu

Land cover Vector-
polygon

500 General Department of Natural Resources of Fars
province, Iran

Precipitation Vector-line 250 Iran Meteorological Organization

NDVI Raster 30 https://earthexplorer.usgs.gov/

Rasterization
The input information should have a raster structure for fuzzifying the layers.  Therefore, in this study, all
the information layers prepared (excluding DEM and Slope) in ArcGIS Pro were rasterizied using different
tools, including   raster calculator, feature to raster, interpolation, and kernel density. In this step, the   cell
size  of all the layers was determined based on the size of   DEM layer.

Fuzzi�cation   or standardization
The Iranian scientist Lot� Zadeh presented the Fuzzy Logic Theory for the �rst time for acting in
conditions of uncertainty. For membership, Or, And, Product, Sum, and Gamma are the basic strengths of
this integration model. This method   used in this study is one of the most practical integration models in
various sciences, such as environmental planning (Yager et al., 2012). One of the most fundamental
issues in fuzzy theory is the discussion of the membership function and how it is de�ned. The basic
difference between fuzzy and other methods is the de�nition of the membership function. The
membership function can be de�ned as the degree of belonging to the elements of the reference set to its
subsets and is represented as µc (X).

In this step, the raster layers of each of the factors affecting  the �ooding hazard   in the Darab watershed  
are converted to the  fuzzy layers   by using membership functions including Sigmoidal, Linear, and User
de�ned   in  ArcGIS Pro   and  Terrset  software and in the Python programming environment   (Table 3).
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Table 3
Standardization of the criteria based on the fuzzy membership functions

Main
Criteria

Fuzzy
Function

Control points

NDVI Linear
(decreasing)

a=-0.17 b = 0.1

Land
cover

User de�ned Poor land = 0.8, moderate land = 0.6, agriculture and garden = 0.3 urban = 
0.4 without cover = 0.9 forest = 0.15

Dem Sigmoidal
(increasing)

a = 1025 b = 2500

Slope Sigmoidal
(increasing)

a = 5 b = 20

Drainage
Density

Sigmoidal
(decreasing)

a = 0.1 b = 0.6

Rain Linear
(increasing)

a = 100 b = 260

Geology User de�ned The geological formations used in this area are as follows: 1. Salt Domes
(Hormoz Series) 2. Kozhdami Formation 3. Sarvak Formation 4. Tarbour
Formation 5. Sachun Formation 6. Asmari Formation of Jahrom 7. Fars
Group Formations (Gachsaran Formation, Mishan Formation and
Aghajari Formation) 8. Bakhtiari Formation 9. New alluvium. The Asmari-
Jahrom Formation, which is composed of lime and dolomite, is widely
exposed in southern Iran. Asmari-Jahrom is enclosed between the
impermeable formations of Razak or Gachsaran and the Pabdeh Gurpi
and Sachun formations. The salt dome, Sarvak, Bakhtiari, New Alluvium,
Tarbour, and Aghajari formations have high permeability, and the
Gozhdmi and Mishan formations have low permeability.

In the next step, these layers can be overlayed by utilizing fuzzy operators after fuzzifying the rasterizied
layers. The problem associated with these fuzzi�cation layers in overlaying was that they had the same
importance and weight as all the layers, given that a criterion such as drainage density was more
important than the NDVI criterion. This problem was solved using the Analytical Hierarchy Process.
Therefore, each of the fuzzi�cation layers has value and importance. These values were scored based on
the judgment of the specialists and experts on seven criteria.

Weighting the criteria by  AHP  

Prioritizing the criteria and sub-criteria
 This study   used  the multi-criteria analysis method  based on GIS  to prioritize or weight the criteria for
identifying areas with a �ood hazard (Wang et al., 2011; Zou et al., 2013; Gigovi´c et al., 2017; Rimba et
al., 2017). The Analytical Hierarchy Process (AHP) is one of the multi-criteria decision-making systems  for
zoning the hazard of �ooding, which is widely used. AHP plays an important role in valuing the various
factors  in zoning the hazard of �ooding   (Ogato et al., 2020). In this study, weighting seven standardized
criteria for  determining the area with a high hazard of �ooding is the main purpose of using the Analytical
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Hierarchy Process in GIS. The specialist from different departments including environment, natural
resources, agriculture, municipality, as well as the experts, social activists and bene�ciaries were used for
weighting. Firstly,   the weight of   criteria and sub-criteria  was determined by using the judgment of local
experts. The AHP method is performed in  four  main steps   (Bathrellos et al., 2012; Yang et al., 2013; Ouma
and Tateishi, 2014).

The �rst step involves analyzing the decision-making problem in a hierarchical structure in which goals,
criteria, and sub-criteria are determined. The next step in the AHP method is based on the pairwise
comparisons used for determining the weights for different criteria. The weight of a particular criterion is
determined by ranking its importance and appropriateness. Evaluating the pairwise comparisons is
conducted by the judgment of the experts (Saaty, 1977). The importance and preference in the pairwise
comparisons were determined by using a scale of 1–9 hours (Table 4).

Table 4
Pairwise comparison scale in AHP (Saaty and Vargas, 2001)

Intensity of
importance

De�nition Explanation

1 Equal importance Two attributes preferred equally

2 Weak or slight Judgement indicates weak favoring of one
attribute over another

3 Moderate importance Judgement slightly favored one element over
another

4 Moderate plus Judgement moderately favored one element over
another

5 Strong importance Judgement strongly favored one element over
another

6 Strong plus Judgement slightly more than strongly favored one
element over another

7 Very strong or
demonstrated importance

Judgement very strongly favored one element over
another

8 Very, very strong Judgement very, very strongly favored one element
over another

9 Extreme importance Extreme preference of one attribute over the
another

The third step is calculating the �nal weight of each criterion based on the conducted pairwise
comparisons. In AHP,   C = {Cj | j = 1,2,…, n}   shows the set of criteria. In this set, the result of a pairwise
comparison of   n criteria can be summarized in  (n_n). Each element  aij (i, j = 1,2,.., n)   in the matrix   A   �nally
created the total weight of each parameter in this study. Matrix  A   is shown in Eq. 1  (Ouma and Tateishi,
2014).
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A =

a11 a12 a1n
a21 a22 ⋅ aan

⋅ ⋅ ⋅
an1 an2 ⋅ ann

, a ii = 1, a jj = 1/a jj, a jj ≠ 0 (Eq. 1)

 Assessing the consistency ratio was the last step. Inconsistencies may occur due to the intervention of an
expert's judgment. This ratio indicates whether the comparisons are consistence or not. The consistency
of the matrix is indicated when this rate is less than 0.1, and the pairwise comparisons should be
reconsidered when it is more than 0.1. The consistency ratio is calculated based on Eq. 2.  In this study,
the weighting steps were conducted using   AHP  in   Excel .

CR = CI / RI (Eq. 2)

This equation shows the consistency index   (CI), which is calculated using Eq. 3.

CI = (λmax - n) / (n − 1) (Eq. 3)

λmax  in this equation is considered as the sum of each column in the pairwise comparison matrix and
the weight of each. Moreover,  n  shows the size of the matrix, which is equal to the number of criteria. The  
Random index (RI) indicates the chance of a consistency rate of the pairwise comparison matrix judged
by specialists, calculated by the hour per matrix size  (n)   (Table 5). In this study,  RI  was equal to 1.32 for
seven parameters. CR indicates the consistency ratio.

Table 5
Random index (RI) used for computing the consistency ratios (CR) (Saaty, 1977)
n 1 2 3 4 5 6 7 8 9 10

R1 0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49

Overlaying layers using the fuzzy logic operators

Fuzzy overlaying
In the fuzzy method, classes and spatial units with membership degrees of 0–1 can be de�ned for each
raster layer. Then, each fuzzi�cation layer was combined with each other by using fuzzy operators. These
operators include Or, And,   Sum,      Product, and Gamma. This is performed in   ArcGIS Pro   by using the   
fuzzy overlay   tool available in the   spatial analysis toolbox. All the standardized and weighted layers with
all the operators were overlaid in turn by using the tool. In this study, the   cell size  of the layers was
considered to be 12.5 meters based on the   cell size  of the layer of the Digital Elevation Model   (DEM).
Further, the coordinate system of all the layers was in zone 40 based on the UTM  and   Datum WGS84 
projection systems.

[ ]
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Kernel density
This study used kernel density in order to calculate the density of �ooding hazard in residential areas in
the Darab watershed. First,   the pixel value   of the �nal layer of the �ood hazard for 302 residential areas
was entered   into the descriptive table of the point layer of residential areas by using the extract values to
point tool, and each point had a value or share of the �ooding hazard. A symmetric region is created
around each  phenomenon  in kernel density, and a value is calculated for each position within the
symmetric region based on the distance from the point to   the phenomenon . Therefore, kernel density is
assumed to be a function of distance, and based on that, the required calculations are performed in the
search radius (Silverman BW, 1986).

Zonal statistics
The zonal statistics technique computes data on the cell values included inside a raster. Zonal Statistics
and Zonal Statistics as a Table are two methods for calculating statistics according to zones. The Zonal
Statistics framework computes a single statistic at a time and outputs it as a raster. This value becomes
the cell value for the cells associated with that zone in the raster output. If a zone feature has overlapping
zones, the statistic is generated for just one zone, since each cell in the output raster may re�ect only one
value (Hyndman and Fan, 1996). Zonal statistics  analysis, which is available in the spatial statistics
toolbox  in  ArcGIS Pro   was used for zoning the hazard of �ooding based on land cover and land type .
Based on the imported polygons or zones, this tool calculates the average and range of the value of
raster layer cells (�ooding hazard) based on the classi�cation of polygons.

2.2.2 Spatial statistics
The analysis of spatial autocorrelation and the average nearest neighbor (global Moran) were performed
to identify the high-risk and low-risk clusters of residential areas related to �ooding after spatial analysis
of �ooding hazard. Identifying the high-risk and low-risk clusters of �oods in the study area is conditional
on the residential areas with �ood hazard having a cluster spatial distribution pattern.

Average nearest neighbor
The average nearest neighbor calculation calculates the distance between the center of each feature and
the central position of its nearest neighbor and then displays the average of these distances. The
distribution pattern of features will be clustered and dispersed if the average distance is less and greater
than the hypothetical random distribution, respectively. Moreover, the distribution pattern is clustered and
random when the rate of the average nearest neighbor is less than or equal to 1, respectively.

Spatial autocorrelation
Spatial autocorrelation plays an important role in spatial modeling. The distribution pattern of �ooding
can be analyzed based on the created polygons by using the results of this test. The value of the Global
Moran's Index   is in the range of -1 to + 1. The distribution of �ooding is clustered and random if the
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Moran's index is greater than or lower than zero, respectively  . Further, the distribution   is dispersed if the
index is equal to zero.

Hot spots analysis
Finally, hot spot analysis was used to assess the location of high-risk and low-risk clusters   in the �ooding
areas. Hotspots analysis  calculates the Getis-Ord Gi* statistic for all the residential areas in the study
area. By this method, the hotspots, or places where residential areas are clustered, can be indicated by
displaying the standard score values and the probability value.

Cluster and Outlier analysis
Like hot spot analysis, in addition to the high-risk and low-risk clusters, cluster and outlier analysis
evaluates the location of outliers. Anselin local Moran's I divides the results (polygons) into �ve
categories, which include high-high and low-low, indicating the cluster pattern, and high-low and low-high,
showing the outlier pattern and not signi�cant. High-high polygons indicate the areas with high-risk
clusters or �ooding hotspots. Low-low polygons show low-risk clusters or �ooding cold spots  (Peeters et
al., 2015).

3. Results
After library studies and knowing the situation of the studied area, in the �rst step, all the input data as
the effective criteria in the hazard of �ooding   converted to the raster layers in  ArcGIS Pro using various
tools . The raster layers of   seven criteria, including dem,  slope, drainage density  , NDVI, land cover,   geology,
 and precipitation   are shown in Fig. 2. Only land cover and geology have polygon structure among the
raster layers, which were rasterized using the feature to raster tool.  The value of the raster cells increases
from blue to red in other raster layers  with the structure of a point or polyline rasterized using the   
Euclidean distance,  interpolation tool   and  kernel density  . In other words,  the red cells   (except geology and
land cover) indicated the high values . Among these layers, drainage density and  NDVI  were inversely
related to the hazard of �ooding. However, precipitation, dem, and slope were directly associated with the
hazard of �ooding (Ogato et al., 2020; Argaz et al., 2019).

After rasterization of the criteria,   the rasterized layers were standardized by using different fuzzy
membership functions   based on the library and �eld studies. The standardized layers have values
between 0 and 1. The numbers in these layers that are close to 1 indicate a high risk of �ooding (Fig. 3). It
shows that the precipitation criterion in the Darab watershed's center, which has the most population, has
a considerable proclivity to �ood. Precipitation criteria such as slope, dem, land cover, NDVI, and geology
had a low potential for �ash �oods at the survey boundary's center, with the greatest potential for
�ooding towards the study area's margin. The majority of the survey borders demonstrated a high
desirability to �ood risk in the fuzzy layer of drainage density. Table 6 indicates the �nal weight of each
of the criteria selected in this study. The criteria of drainage density, slope, land cover, precipitation,
geology, dem, and   NDVI  had the highest weights, respectively. Drainage density, slope, and land cover,
with a �nal weight of 0.2737, 0.1716, and 0.1533, respectively, had the highest value among the criteria,
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which had the greatest effect on overlaying the layers. In the fuzzi�cation layer of drainage density, which
is the most important among the variables, more pixels of the study area were introduced as the areas
with the �ood hazard compared to the other variables, excluding NDVI . Unlike in the slope layer, fewer
pixels are at risk of �ooding, which is mostly located in the northern regions of the study area.

Table 6
Signi�cance weights of the main criteria and sub-criteria

Main criteria W1 Sub-criteria W2 Final Weight

Hydroclimate 0.411 Drainage Density 0.666 0.2737

    Rain 0.333 0.1368

Topography 0.261 Dem 0.333 0.0858

    Slope 0.666 0.1716

Land type 0.327 Land cover 0.475 0.1553

    Geology 0.415 0.1357

    NDVI 0.109 0.0356

The �nal layers obtained from overlaying by �ve fuzzy operators are shown in Fig. 4. The red and blue
spots on the output maps were considered to be places with a high and low risk of �ooding, respectively.
Finally, the zonation of �ooding potential was created by overlaying the weighted fuzzy layers by using
different fuzzy operators, which is the best method for zoning the hazard of �ooding based on the
conducted studies (Mngutyo et al., 2013; Ogato et al., 2020; Kazakis et al., 2015). Other operators, except   
Or   and  Sum  , which showed illogical results based on the �ooding, indicated that the highest �ood hazard
is related to the north and south of the study area near the altitudes of the Darab watershed. Among
these operators, the Gamma operator (0.9) showed the best and most logical result compared to the other
operators, based on the value range of the cells.

Figure 5A  indicates the total area of the regions with a high hazard of �ooding is approximately
63432.7344  hectares, which contains pixels with a value above 0.5 and shows the red and orange spots.
Moreover, the areas with moderate �ood hazard (0.15–0.5)   include 86204.2969   hectares of the Darab
watershed. The highest area is related to the values less than 0.015, with a total area of  90131.8281  
hectares, which shows the blue and safe spots on the map. As shown in Fig. 5B, the majority of the
residential areas within the study area are in areas with a low to moderate hazard of �ooding. The non-
hazardous pixels were located at the left and right of the study area (Fig. 5A  ) and were removed from the
next analysis of the study due to the absence of residential areas and lack of �ooding in these regions . In
Fig. 5A, areas with high, moderate, and low hazard include  63280.2188 ,  85809.4375  , and  5909.7344
hectares   of the secondary boundary, respectively. The georeferenced points were used for verifying the
obtained results. These points were collected from the studied area using the   GPS   device and �eld visits
from �ooding areas under the supervision of the experts and locals during the rainy years (recent 10
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years). Every 60 GPS points were converted to the ship �le format in ArcGIS software    and overlaid on the
�nal zone of �ooding hazard (Fig.  5B).

Based on the results of the veri�cation, most of the GPS points were located in areas with a high hazard
of �ooding. Each point indicates a signi�cant and somewhat damaging �ood in its surrounding areas.
Based on the range of values of each zone (Fig. 4) and the ground truth map, the Gamma operator (0.9)
was the best selection for the �nal zone of �ooding hazard (Fig. 6).

In the study area, the total residential areas include 302 villages, most of which, especially the places
showing the highest density on the map and considered the most populous areas, are probably located in
moderate and low-hazard areas. To ensure this issue, the kernel density estimation tool was used to
estimate the �ood hazard density in residential areas after performing the kernel density estimation on
residential areas (Fig. 7).

In Fig. 7, the darker blue pixels indicate the higher density of �ood hazard in the study area. In other
words, the dark blue spots in the Darab watershed, which are mostly located in the center of the boundary,
show a high hazard of �ooding in residential areas. However, it cannot be certainly said that high-hazard
residential areas are located in the center of the study area since, in addition to the weight (�ood hazard)
of residential points, kernel density estimation considers the location of points and their distance from
each other for estimating the density. Therefore, global and local Moran analysis was used in the next
steps to further ensure. As shown in Fig. 8A  , the spatial distribution pattern of unweighted population
points is clustered.

In this analysis, the nearest neighbor ratio is above zero (0.607) and   P-value  is equal to zero, which
indicates that the spatial distribution pattern of unweighted residential points, i.e., the spatial distribution
pattern was evaluated only based on the location of points and their distance from each other, is
signi�cant and clustered ( Z-score   is equal to -13.05). Moreover, in Fig. 8B, the distribution pattern of
weighted residential areas with �ooding hazard is clustered. Based on the results indicating the highest
degree of signi�cance (P-value = 0), Moran's index is above zero (Moran's index = 0.359) and the Z-score
is equal to 10.95, showing the spatial distribution pattern of the weighted residential areas is clustered.

Hotspots analysis (local Moran) was used to identify the high-risk and low-risk clusters after ensuring the
clustering of the distribution pattern of residential areas (unweighted and weighted). After performing
hotspot analysis on the weighted residential areas with �ooding hazards, Fig. 9A was obtained, which
indicates three categories of low-risk clusters or cold spots with a con�dence level of 90, 95, and 99%,
which are shown in blue. Three categories of high-risk clusters or hotspots with a con�dence level of 90,
95, and 99% exist in this �gure, which are indicated in red. Furthermore, there is a category without a
con�dence level, which is displayed in gray and smaller spots. Low-risk clusters of residential areas
relative to �ooding with a 99% con�dence level are located in the west and east of the study area (blue).
However, high-risk clusters of �ooding with a 99% con�dence level are dispersed in the north and
northeast (red) of the study area at higher altitudes. The other points are not statistically signi�cant and
do not show a reliable result.
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Cluster and outlier analysis were used to identify the high-risk and low-risk clusters of residential areas
more accurately. In Fig. 9B, two categories, including High-High and Low-Low clusters, indicated the high-
risk and low-risk clusters, respectively, whose distribution is similar to the output of hotspot analysis.
Moreover, two categories, including   High-Low outlier  and   Low-High outlier  , show the outliers. The �rst
category indicates that high-hazard residential areas were surrounded by low-hazard residential areas
that were �ooded. However, no residential properties with these characteristics were observed in this
study. The second category (Low-High outlier) shows the residential areas with low �ood potential around
which high �ood hazard residential areas are located. Such residential areas can be considered areas at
high �ood risk due to their proximity to areas with a high hazard of �ooding. In this study, a residential
point called Fatah al-Mubin town is located in this category. Therefore, the residential clusters in the north
and northeast of the watershed (with a population of less than 5000 people) are at risk of �ooding. In this
regard, necessary measures should be taken by managers, environmental planners, and municipalities.

Two effective indices on the output of this analysis, including   Z-score  and P-value, were categorized
using   Symbology for assessing the results of the hotspot analysis in more detail. In Fig.  10A  , the points  
with  Z-score  higher than 2.5 and lower than − 2.5 indicate the high-risk clusters and low-risk clusters of
hotspot analysis with 99% con�dence. The P-value  shows the signi�cance of the identi�ed clusters. The
con�dence level of clusters decreased when the distance from 0 to 1 was increased. As shown in Fig. 10B  
, blue points indicate the high-risk and low-risk clusters of �ooding with a 99% con�dence level.

Figure 10. Hotspot analysis of �ooding areas,   A: Z-score, B: P-value

Land cover is a key factor in the occurrence of �oods.  Precipitation in the land without vegetation �ows
quickly on the ground compared to forest areas. Therefore, severe runoff �ows in some  land areas (for
instance, a high percentage of urban) compared to the similar areas covered by forest and grass 
(Bakhtyari Kia 2012 ). 14  Land cover variable, indicating the type of land (man-made or natural) for a
speci�c application such as urban, agricultural, industrial, rangeland, and forest, is one of the most
important factors affected by the �ood hazard. The map of  �ooding obtained by overlaying fuzzy
operators   was zoned in the studied area (Fig. 11).

After applying the   Zonal Statistics  analysis  in this zoning, the maximum rate  of �ooding hazard  exists in   
poor and moderate grassland covers   (blue polygons), which are located in the marginal areas of the
study area. Moreover, the minimum   level  of hazard of �ooding  was observed in the  urban, agricultural,
forest, and garden uses  (  yellow, orange, and red polygons  )   in the boundary center and near the populous
centers of the Darab watershed.

4. Discussion
Multiple techniques are available for calculating runoff and surveying the actual �ash �ood risk. The
majority of techniques are graphical in nature and include the use of empirical equations, statistical
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evaluation of �ood data, which is the subdivision of �ood data into a number of sub-basins, remotely
sensed data, and GIS ( Tehrany, 2013). The �ooding risk was assessed using spatial analysis and spatial
statistics techniques in GIS. Previous studies implemented a set of criteria to pinpoint �ood threats. Dano
et al. (2019) evaluated the �ood danger in the Perlis basin, Malaysia, by integrating various layers of land
cover, residential areas, structural geology, and precipitation. Ogato et al. (2020) employed a number of
separate layers to describe �ooding potential hazard, comprising land use / land cover, altitude, slope,
drainage density, subsoil, and rainfall. Additionally, Kabir and Mir (2021) assessed the feasibility of
shelter in Bangladesh's �ooding zones using elements such as dem, land cover, landform, population
density, accessibility, distance to roadway, and distance to town.

The present investigation utilized layers comprising slope, dem, geomorphology, land cover, NDVI,
precipitation, and drainage density for spatial and statistical analysis of �oods. The membership level
was then calculated, and the model was examined for each of the layers based on their relationship to
the �ood risk as de�ned by the fuzzy operations. According to the �ndings of this research, the fuzzy
model is sophisticated, however it also offers signi�cant advantages for analyzing diverse phenomena
associated with the earth's surface. Moreover, according to the �nal map produced using fuzzy logic and
AHP, zones with a very high risk of �ooding are located in the northern and northeast regions of the
surveyed area, which covers 63432.7344 hectares of the Darab watershed's total area. Low hazard areas
are often located in plains, valleys, and thalwegs, which have lower slopes. Additionally, the Gamma
operator (0.9) was determined to be the optimal fuzzy overlay operator. Shariati et al. (2020) used
ArcGIS's geographical analysis and spatial statistics frameworks effectively in a spatial scienti�c
investigation. Signi�cant spatial statistical components, such as the detection of high-risk and low-risk
clusters, were applied to zone �ood danger in this analysis, which differentiates this research from
previous studies (Mngutyo et al., 2013; Ogato et al., 2020; Argaz et al., 2019; Kazakis et al., 2015; Ouma et
al., 2014).

The current study veri�ed the cold and hot points of �ooding with a 95% con�dence level. The highest at-
risk clusters of �oods are positioned in the north and northeast parts of the experiment boundaries, near
the heights linked to villages with less than 5000 inhabitants. Furthermore, the increase in risk does not
pose a threat to man-made uses such as suburban buildings, farmlands, and gardens. Nevertheless, the
risk of �ooding has been detected, particularly in the north of the study boundaries, as a result of changes
in the landscape toward the destruction of natural ecosystems by growing urbanization. Administrators
should execute the appropriate planning. According to the observations, clusters and outliers' analyses,
as well as hotspots analyses, are critical tools to recognize high and low-risk clusters (Shariati et al.,
2020). This research found that integrating spatial analysis with spatial statistics is a valid and reliable
tool for addressing phenomena like �oods. Additionally, this approach can be applied in other analyses,
such as mapping seismic vulnerability, karst development, and disease prevalence studies.

5. Conclusion
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The criteria utilized in this study were valid and acceptable in light of previous research as well as
knowledge of the survey's boundaries. Among the factors, drainage density, slope, precipitation, geology,
dem, and NDVI have a �nal weight of 0.2737, 0.1716, and 0.1533, respectively, in the Darab watershed's
�ood risk zoning. Focusing on the veri�cation and practical assessment �ndings as well as the range of
values in the zoning layer, the Gamma operator (0.9) was considered as the optimum fuzzy logic overlay
operator for �ood hazard mapping. The survey boundary's most �ood-prone locations were located far
from heavily populated areas. However, there is a signi�cant and extremely signi�cant danger of �ooding
in several residential districts to the north and northeast of the study zone, which have fewer than 5000
inhabitants and comprise 363432.7344 hectares of the entire Darab watershed. Moreover, the greatest
incidence of �ooding danger was detected in the marginal areas of the study area in the poor and
moderate range of usage. The lowest rate of �ooding risk was reported in uses including urban,
agricultural, forestry, and gardens situated in the Darab watershed's border center and near heavily
inhabited areas.

The results of the veri�cation using GPS points revealed that the majority of survey locations are situated
in regions with a high risk of �ooding. Each point shows the presence of a substantial and relatively
destructive �ood in the region immediately around it, con�rming the veracity of the present research.
Spatial statistics combined with spatial analysis may offer a robust technique for �ooding studies since
distinguishing between high-risk and low-risk clusters provides more accurate and con�dent �ndings for
�ooding danger associated with the distribution of residential areas. According to the results, kernel
density estimation cannot be utilized independently to identify �ood-prone clusters. As a result, the use of
global and local Moran analysis is advantageous in this domain. In this study, Moran's index was shown
to be 0.359 in the cluster distribution pattern, and high- and low-risk �ood clusters can be recognized with
a high level of con�dence (P-value = 0). The combination of the two clusters, outlier analyses, and
hotspot assessment is more effective in detecting high- and low-risk �ooding clusters.
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Figure 1

Geographical location of the Darab watershed
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Figure 2

Criteria map   of dem, slope, drainage density, NDVI, land cover, geology, and precipitation
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Figure 3

Fuzzi�cation maps   of dem, slope, drainage density, NDVI, Land cover, geology, and precipitation criteria
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Figure 4

The obtained maps   by overlaying the weighted fuzzy layers using fuzzy operators including  AND, Or,
Sum, Product, Gumma 0.9, Gamma 0.5, Gamma 0.1
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Figure 5

Flood hazard mapping
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Figure 6

Distribution of GPS points of the �ood hazard areas in the watershed
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Figure 7

Kernel density estimation for residential areas
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Figure 8

Spatial distribution pattern of weighted and unweighted residential areas

Figure 9

Identifying the high-risk and low-risk �ood clusters, A: cluster and outlier analysis, B: hotspot analysis
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Figure 10

Hotspot analysis of �ooding areas,   A: Z-score, B: P-value
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Figure 11

Zonation map of �ooding rate based on the layer of Land cover
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