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Abstract
Increasing the occurrence of floods, especially in cities, and the risks to human, financial, and
environmental risks due to its, make flood risk zoning of great importance. The purpose of this
study is to estimate the flood risk of the Maneh and Samalghan based on determining effective
criteria and spatial and non-spatial data-driven models. The criteria used in this research include
Modified Fournier Index, Topographic Position Index, Curve Number, Flow Accumulation,
Slope, Digital elevation model, Topographic Wetness Index, Vertical Overland Flow Distance,
Horizontal Overland Flow Distance, and Normalized difference vege-tation index. The novelty
of this study is to present new combination approaches to determine the effective criteria in flood
risk zoning (Maneh and Samalghan). In this regard, the geographically weighted regression
(GWR) with exponential and bi-square kernels and artificial neural network (ANN) combined
with a binary particle swarm optimization algorithm (BPSO). The best value of the fitness
function (1-R2) for ANN, GWR with the exponential kernel, and GWR with bi-square kernel
was obtained 0.1757, 0.0461, and 0.0097, respectively, which indicates higher compatibility of
the bi-square kernel than the other models. It was also found that the criteria used have a
significant effect on the rate of flooding in the study area.
Keywords: Flood Risk; Geographically Weighted Regression; Artificial Neural Network;
Binary Particle Swarm Optimization Algorithm.
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1. Introduction
Flood is fact the increase of the water level of the river and the channel and the water coming
out of it and occupying a part of the plains along the river, which can cause general damage by
flooding the area and cause human and non-human losses [1],[2]. Flood risk zoning is one of the
critical steps in river management. One way to prepare a flood zoning map is to use a spatial
information system and integrate it with hydraulic models. Flood zoning maps are widely used
in flood plain management studies. Applications of these maps include determining the bed and
area of rivers, studying and economic justification of development plans, flood forecasting and
warning, rescue operations and flood insurance [3],[4],[5]. The level of flood-prone areas of Iran
is estimated at 91 million hectares. In other words, 55% of the country is involved in the
production of direct and rapid runoff, of which about 22 million hectares have moderate to very
high flooding intensity [6],[7]. Therefore, Iran is one of the flood-prone regions of the world and
one of the ways to reduce the damage caused by floods is to prepare flood risk zoning maps to
identify susceptible areas. Also, the preparation of these plans can be central to development
activities and other future activities. According to previous research, flood risk zoning map
production can be classified into two general categories of knowledge-driven and data-driven
models [8],[9]. Data-driven models are highly effective in known areas or areas where the
number of known evidence is statistically sufficient (references data). In these models, the
purpose is to identify new locations for more detailed work, while in knowledge-driven models,
they are effective in less known environments or where there are few targets in the area. Weight
estimates and class estimates are based on expert judgment and do not require evidence of an
answer [8],[9]. Numerous studies have been conducted on flood risk zoning with approaches
based on knowledge-driven and data-driven integration models, to name a few:
Elsheikh et al. [10] used Geographic Information System (GIS) to evaluate areas with
potential flood risk in Terengganu. They calculated the importance of each layer (Annual
rainfall, basin slope, drainage network, and soil type) using the Analytic hierarchy process
(AHP) method. The percentage related to the criteria affecting annual rainfall was 38.7%,
drainage network was 27.5%, river basin slope was 19.8% and soil type was 14%, and finally,
they prepared a flood risk map. Papaioannou et al. (2015) used GIS, fuzzy logic, and multicriteria assessment methods to represent flood areas. They divided the criteria used into
independent groups. They also used GIS and numerical simulation to collect and process
geographic data. Finally, with multi-criteria analysis (MCA), including the AHP and fuzzy
processes, they created the zoning map of flood vulnerable areas. Xiao et al. [11] proposed a
multi-criteria analysis (MCA) framework using the fuzzy analytic hierarchy process (FAHP),
and the ordered weighted averaging method (OWA) for flood risk assessment. The relative
importance of the criteria was determined by the fuzzy AHP method. The OWA method was
also used to analyze the effects of different decision-maker risk attitudes on the evaluation
results. Al-Juaidi et al. [12] used a logistic regression model for flood susceptibility mapping in
southern Gaza Strip areas. They used the criteria including topographic slope, Digital elevation
model (DEM), rainfall, flow accumulation, soil type, and land use/land cover (LULC). The
results showed that the prediction and success rates are 76 and 81%, respectively. Kanani-sadat
et al. [6] provided a framework for mapping flood-prone areas of Kurdistan province by
integrating GIS, fuzzy logic, and multi-criteria decision making. To achieve this purpose, a set of
geophysical, geomorphological, meteorological, hydrological, and geographical criteria were
examined. Then, considering the uncertainty and ambiguity of the experts' opinions, they merged
the fuzzy theory with DEMATEL. Finally, the analytic network process (ANP) was used to
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calculate the final weight of each criterion. To assess the flood vulnerability map in the study
area, the flood reference map in Kurdistan province was used. About 85% of the validation area
was classified as "very high floods", which referred to the proposed framework's efficiency.
Also, the AHP method was implemented to evaluate the proposed framework's performance
compared with traditional approaches. Validation results showed that the fuzzy ANPDEMATEL model had higher performance accuracy compared to the AHP model. Ardiansyah
and Sumunar [13] using weighting and scoring methods (based on the quantity or quality of the
criteria affecting the flood), considered the score for each of the classes (ranges) defined as the
effective and weighted criteria for the effective criteria. Finally, the weights and scores assigned
to the effective criteria were entered into the overlap analysis to identify flood vulnerabilities.
The results of this study showed that there are three levels of flood vulnerability, namely low,
medium, and high vulnerability in the study area.
Flood risk zoning map production is a topic that has received a lot of attention so far, but
among the studies conducted, some points have received less attention; first, none of these
studies provide an adequate combination of criteria for flood risk zoning. Second, proper
analysis has not been used to determine the optimal combination of effective criteria and to
prepare a flood risk zoning map based on the effective criteria. In this study to recognizing the
vulnerability of Maneh and Samalghan to flood risk, due to the availability of flood reference
map in the region, the combination of spatial and non-spatial data-driven models including
artificial neural network (ANN) and geographically weighted regression (GWR) with binary
particle swarm optimization (BPSO) were used to prepare a flood risk zoning map based on
determining the optimal combination of effective criteria.
2. Materials and Methods
2.1. Study Area
Maneh and Samolghan cities are located in the northwest of North Khorasan province, which
in terms of area is 21% and in terms of population is 11.8% of the total population of the
province (Fig. 1). The city shares an 8-kilometer border with Turkmenistan. In terms of
geographical location, the city is located between 37˚17' to 38˚7' north latitude of the equator and
55˚ 59' to 57˚ 17' east longitude of the Greenwich meridian. The hydrographic network in Maneh
and Samolghan includes seasonal and permanent rivers that are part of the Atrak catchment.
These rivers originate from inside the heights and outside the city and flow along the general
slope. Generally, part of the precipitation on the morphological features flows in surface water,
which accumulates in these rivers. The source of most of these rivers is mountainous and with
the melting of snow, the river is fed and strengthened. Also, Fig. 2 shows the flowchart of the
proposed model in this study.
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Figure 1. Geographical location of the study area
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Figure 2. Flowchart showing the methodology used in this study

2.2 Spatial criteria affecting floods
Flood zoning depends on various criteria that the following criteria have been used in this
study:
2.2.1. Horizontal Overland Flow Distance (HOFD)
The horizontal overland flow distance is the actual movement of water from one cell to
another. The shorter the horizontal distance from the stream, the greater the potential for
flooding [14].
2.2.2. Vertical Overland Flow Distance (VOFD)
The vertical overland flow distance indicates the vertical distance between each cell's height
and the height calculated for the flow network. The shorter the vertical distance from the stream,
the greater the potential for flooding [4],[6].
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2.2.3. Normalized Difference Vegetation Index (NDVI)
This index estimates the vegetation criteria. The lower the value, the greater the risk of
flooding, which is obtained from Eq. 1 [15]:

NDVI =

NIR − R
NIR + R

(1)

Where NIR is the near-infrared band and R is the red band of satellite imagery.
2.2.4. Topographic Wetness Index (TPI)
A Topographic moisture index is a useful and common tool to describe the humidity
conditions at the basin scale. The lower the value of this criterion, the greater the risk of
flooding, which is obtained according to Eq. 2 [16]:
 As 

 tan  

TWI = ln 

(2)

Where As is the area of the upstream sphere and is the angle of inclination.
2.2.5. Digital Elevation Model (DEM)
The digital elevation model includes the values representing the height of the ground. The
lower the criterion, the greater the risk of flooding [1],[3].
2.2.6. Slope
The presence of steep slopes indicates that the area in question has less flat land, which can
cause devastating floods in the event of heavy rains, which are obtained according to Eq. 3 and
Fig. 3 [1]:

dz 2 dz 2
) +( ) )
dx
dy
[dz/dx] = ((c + 2f + i) - (a + 2d + g)) / 8
[dz/dy] = ((g + 2h + i) - (a + 2b + c)) / 8
Slope = a tan( (
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Figure 3. Sample cells to calculate the slope [1]

2.2.7. Flow Accumulation
The flow aggregation network contains the cumulative number of cells upstream of a cell and
shows the amount of current flowing from the upstream cells to that cell. According to Fig. 4,
the higher the value of this criterion, the greater the potential for flooding [17].

Figure 4. Sample cells to calculate the flow accumulation [17]

2.2.8. Curve Number (CN)
Curve number defines the runoff potential of the basin. The higher the value of this criterion,
the greater the risk of flooding. This criterion is derived from Eq. 4 [18]:
Where R is the height of the direct runoff and P is the height of the rainfall.
2.2.9. Topographic Position Index (TPI)
A topographic position index shows the difference between the height of each cell and the
average height of its neighboring cells. The lower the value of this criterion, the greater the risk
of flooding, which is obtained according to Eq. 5 [19]:
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n

TPI = Z 0 −

Zi

i

(5)

=1

n

Where Z0 is the height of the desired cell and

∑𝑛
𝑖=1 𝑍𝑖
𝑛

is the average height of neighboring cells.

2.2.10. Modified Fournier Index (MFI)
The rainfall intensity map is created using the modified Fournier index method. The higher
the value of this criterion, the greater the risk of flooding, which is obtained according to Eq. 6
[20]:
12

MFI =

pi

i

2

=1

(6)

p

Where Pi is the average annual rainfall for the first month, and p is the av-erage annual rainfall.
2.3.

Artificial neural network

Artificial neural networks are one of the computational methods inspired by the neural
system of the human brain. One of the remarkable characteristics of this type of network is their
ability to learn and the ability to generalize this learning, because of this feature, they make it
possible to learn to understand patterns [21]. The most important advantage of artificial neural
networks over regression methods for modeling a pattern is that there is no need for an initial
model in linking input and output data [22]. Based on the intrinsic relationships between data, a
linear or nonlinear model is established between independent and dependent variables.
In this study, a multilayer perceptron neural network has been used to model flood risk. This
type of neural network consists of a set of neurons arranged in different layers in a row. The law
of multilayer perceptron learning is called the error propagation rule, which is used to estimate
unknown network parameters. The multilayer perceptron works in such a way that a pattern is
supplied to the network and its output is calculated. Actual output values and desired output
cause the network coefficients to change; in such a way that a more accurate output is obtained
in later stages. To succeed in network training, its output must be gradually brought closer to the
desired output and the error rate must be re-duced. The design ANN used in this study is
illustrated in Fig. 5.
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Figure 5. ANN architecture applied in this study [22]

2.4.

Geographically weighted regression

According to spatial autocorrelation and spatial non-stationarity properties for spatial data, it
is less possible to use basic global regressions such as Ordinary Least square [23]. In this model,
the spatial dependencies between the events are considered as weight matrices, and due to the
heterogeneity of the environmental factors and the existence of local variation, regression
coefficients of the GWR model for observation are measured locally [24]. The equation of the
GWR model is calculated as Eq. 7 [25]:
n

yi =   j (ui , vi ) x j +  i

(7)

j =0

Where yi is the dependent variable (Flood risk), xj is the independent variables (Spatial criteria
affecting floods), n is the total random points, εi is the residual GWR model, (ui,vi) denotes the
coordinates of the ith point in space and βj(ui,vi) is the regression coefficient for coordinates of
the ith point. To calculate the spatial weight matrix, it is necessary to specify the desired kernel
function. According to previous research, this study used two kernels including exponential and
bi-square these two kernels which are calculated as Eq. 8 to Eq. 10, respectively [25],[26]:

W (ui , vi ) = exp(−(

| dij |
b

))

dij 2 2

(1 − ( ) ) | dij |  b
W (ui , vi ) = 
b

0 otherwise

d ij = ( ijx ) 2 + ( ijy ) 2
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𝑦

Where dij is the Euclidean distance value between two observations i and j, 𝛿𝑖𝑗𝑥 and 𝛿𝑖𝑗 are the
distance between two observations i and j along the horizontal and vertical axis and b is the
bandwidth value. The regression coefficients are different for each location, so in the GWR
model, local variation of the regression coefficients can be obtained by the standard deviation
function according to Eq. 11 [24]:
SE =

n

(  ij −  j ) 2

i =1

n



(11)

Where 𝛽𝑖𝑗 is the regression coefficient for the factor j in the observation i, 𝛽𝑗 is the mean
regression coefficient of factor j in the total observations and n is the total observations.
To evaluate the ANN and GWR models output the Coefficient of Determination (R2) is usually
used to measure the goodness of fit and the RMSE value measure the residuals distribution of
the observation, which are obtained based on Eq. 12 and Eq. 13 [25]:


=1−


n

R

2

i =1
n

RMSE =

( yi − yˆi ) 2

(12)

( y − y)2
i =1 i



n

( y − yˆi )
i =1 i

2

(13)

n

Where n is the total observations, yi is the value for observation i, 𝑦̂𝑖 is the estimated value for
observation i and 𝑦 is the mean value for total observations.

2.5.

Binary particle swarm optimization

The PSO algorithm is an optimization algorithm that makes it less likely to be captured at a
local minimum and can search uncertain and complex areas based on probabilistic rules [27].
Also, in this algorithm, the solution of the proposed path is not dependent on the initial
population and starting from each point in the search space, the solution converges to the optimal
solution [28]. After a while, Kennedy and Eberhart [29] introduced the Binary PSO algorithm,
which, unlike the continuous version of it, is limited to having zero and one (binary) variables
and the velocity value can change a particle from zero to one. According to the purpose of this
study, The BPSO algorithm has been used. In this algorithm, Eq. 14 and Eq. 15 are used to
update the velocity and position of each particle [29]:
Vi (t + 1) = w  Vi (t ) + c1  r1  ( pbest − X i (t )) + c2  r2  ( gbest − X i (t ))

(14)

t +1

1   sig (vi )
X i (t + 1) = 

 0 Otherwise

(15)
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Where Vi(t) is the velocity of the particle i, Xi(t) is the position of the particle i, Vi(t + 1) is the
velocity of the particle i in the next position, Xi(t + 1) is the position of the particle i in the next
position, pbest is the best position of the experience for the particle i, gbest is the best position
experienced in all particles, c1 is the personal learning coefficient, c2 is the collective learning
coefficient, w is the inertia weight and r1, r1 and ρ are random numbers in the range [0.1]. In this
study, the steps of the BPSO algorithm (In combination with the ANN and GWR models) are as
follows which showed in Fig. 6:

1. Give the initial value to a population of particles with random positions and velocities.
2. Training ANN and GWR models and calculating the fitness function (R2) of each
particle in this population.
3. Stop the BPSO algorithm if it reaches the stop criterion (100 Iterations), otherwise go to
step 4. If the algorithm reaches the condition of stopping, then the selected criteria are
the same effective parameters in flood risk zoning.
4. Determine the pbest and gbest for each particle.
5. Calculate the velocity of each particle and move to the next position based on the
relations (Go to step 2).
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Data entry into BPSO algorithm
(Dependent and Independent variables)
Random production of the
initial population

ANN and GWR algorithm
training
Update the speed
and position of
each particle

Calculate the values of the
fitness function (R2)

Convergence check
(100 Iterations)?

No

Determine pbest
and gbest

Yes

Flood risk zoning map production

Effective Criteria

Figure 6. Calculation steps of the recommended models

3. Results and Discussion
3.1. Define dependent and independent variables
According to Table 1, in this study, the spatial criteria affecting floods are considered as
independent variables. These criteria, in the order mentioned, form the particle dimension of the
BPSO algorithm.
Table 1. Independent variables in this study

Order
1
2
3
4
5

Criteria
Flow Accumulation
Horizontal Overland Flow Distance
Modified Fournier Index
Normalized difference vegetation index
Slope

Order
6
7
8
9
10

Criteria
Topographic Position Index
Topographic Wetness Index
Vertical Overland Flow Distance
Digital Elevation Model
Curve Number
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The spatial criteria affecting floods are related to June 2017, which was ob-tained from the
Forests, Range and Watershed Management Organization of Iran. Therefore, SRTM (Shuttle
Radar Topography Mission) images were used to prepare the DEM layer. Bands 4 and 5 of
Landsat 8 images were also used to produce the NDVI layer. Six synoptic stations were used to
calculate the MFI value. The CN layer was also prepared from the Forests, Range and Watershed
Management Organization of Iran. Other layers were created using appropriate analysis in Arc
Map and SAGA GIS software. For implementation, each of the criteria was produced in the
form of a raster map with a pixel size of 30 meters. According to Fig. 7, the maps of these
criteria are shown in a normalized way.

(a)

(b)

(c)

(d)

(e)

(f)
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(g)

(h)

(i)
(j)
Figure 7. The maps of criteria (a) Curve number (b) Horizontal Overland Flow Distance (c)
Modified Fournier Index (d) Vertical Overland Flow Distance (e) Normalized difference vegetation
index (f) Topographic Wetness Index (g) Digital Elevation Model (h) Slope (i) Topographic Position
Index (j) Flow Accumulation

In order to implement the proposed models, it is necessary to produce random points in the
desired area. Therefore, based on the multiple ring buffer analysis, boundaries around the flood
reference map (Fig. 8a) were defined. The flood is the result of the reference map related to June
2017, which has been obtained from the Forests, Range and Watershed Management
Organization of the country. Then, according to Fig. 8b, 2000 points were generated randomly
and uniformly in the study area. Among the 2000 random points created in the study area, 1000
points are outside the scope of the flood reference map and the defined areas around it (Table 2)
and 1000 points are within the scope of the flood reference map and the defined areas around it.
Then the values of all available information criteria for these points were calculated (in a
normalized way).
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(a)
(b)
Figure 8. (a) The flood reference map (b) The random point created in the case study

Table 2. Define the dependent variable based on the defined multiple ring buffer analysis

Location of points

X  100
(m)

100  X 
200
(m)

200  X 
300
(m)

300  X 
400
(m)

Value (No unit)
1
0.8
0.6
0.4
Note: X= The distance of random points from flood reference map.

400  X 
500
(m)
0.2

Out of
buffers
(500  X)
(m)
0

According to Fig. 8b, 2000 points created in the study area by a random sampling method to
extract values and use in the data-driven models [30]. Then the values of all available
information criteria (independent and dependent var-iables) for these points were calculated (in a
normalized way). The correlation between the criteria from Eq. 16 was examined [31]:


r=

n
i =1

( xi − x )( yi − y )
n. x . y

(16)

Where 𝑥̄ and 𝑦̄ are the mean of data x and y, n is the total data, 𝜎𝑥 and 𝜎y are the deviation of
data x and y. As shown in Fig. 9, the correlation between criteria is near 0. Therefore, all criteria
entered the algorithms.
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Figure 9. Correlation matrix between criteria

3.2.

Implement data-driven models

For the implementation of the ANN and GWR models, 70% of the total data was used for
training and 30% of the total data was used for testing, and all data were normalized before
entering the algorithms. Based on previous research and trial and error method, a ratio of 70:30
was selected [32]. In article this ratio gives the best performance result. Due to the fact that one
of the most important parameters for evaluating data-driven models (Model compatibility with
data) is the Coefficient of Determination parameter (R2), therefore, the BPSO algorithm fitness
function has been selected to minimize the value of 1-R2 [25]. The optimal values of the initial
parameters of the BPSO algorithm were selected based on the experiments obtained from
different iterations and through trial and error according to Table 3. The condition for stopping
to simplify the implementation process is the number of specific executions.
Table 3. Set Parameters in the BPSO algorithm

Parameters
Swarm size
Total iterations
C1

Value
30
100
2

Parameters
C2
W
Minimum and maximum velocity
(m/s)

Value
2
1
[-4,4]

Fig. 10 shows the swarm structure of the BPSO algorithm in this study, which the criteria
mentioned in Table 1 form the particle dimension of the BPSO algorithm.
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Figure 10. Swarm structure of the BPSO algorithm

Due to the random nature of the BPSO algorithm and based on previous research, this
algorithm with the desired number of iterations was repeated 10 executions and the Best of these
10 executions was considered as the final output [33]. According to Fig. 11a, by performing the
combination of the ANN model and the BPSO algorithm, the best value of fitness function (1R2) was obtained 0.1757 (the best of 10 executions). Also, According to Fig. 11b for the ANN
model, four criteria of Flow Accumulation, Horizontal Overland Flow Distance, Modified
Fournier Index and Digital elevation model were determined as effective criteria in estimating
flood risk. In fact, Fig. 11b shows the best particle in terms of fitness function (R2) among all
particles (30 particles) in the 100th iteration of the BPSO algorithm.

(a)
(b)
Figure 11. (a) The best value of fitness function by combining of ANN model and BPSO
algorithm (b) Effective criteria in estimating flood risk by combining of ANN model and BPSO
algorithm

Then, the GWR model with two exponential and bi-square kernels and BPSO algorithm was
combined to determine the effective criteria in estimating flood risk. To implement the GWR
model, the random points' coordinates were used as inputs in its weight matrix. According to
Fig. 12, the best value of fitness function (1-R2) for combination the GWR model with two
exponential and bi-square kernels and the BPSO algorithm, was obtained 0.0461 and 0.0097 (the
best of 10 executions), respectively. Also, According to Fig. 13 for the GWR model with the
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exponential kernel, nine criteria of HOFD, NDVI, Slope, TPI, TWI, VOFD, DEM and CN and
for the bi-square kernel, eight criteria of HOFD, MFI, NDVI, Slope, TPI, TWI, VOFD, DEM
and CN were determined as effective criteria in estimating flood risk.

(a)
(b)
Figure 12. The best value of fitness function by combining of GWR model and BPSO algorithm
(a) Exponential kernel (b) Bi-square kernel

(a)
(b)
Figure 13. Effective criteria in estimating flood risk by combining of GWR model and BPSO
algorithm (a) Exponential kernel (b) Bi-square kernel

According to Fig. 14, the maps of estimated flood risk (based on effective criteria) by
combining ANN and GWR models with BPSO algorithm showed in the range [0,1]. The
estimated flood risk is classified into five output classes according to the Equal Interval
classification method which is shown qualitatively from very low flood risk to very high flood
risk. According to the results obtained from R2 value (goodness of fit) and the RMSE value
(Residuals distribution of the observation and accuracy of the models), the combination of GWR
model with bi-square kernel and BPSO algorithm has a higher ability to estimate flood risk,
which showed in Fig. 14c.
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(b)

(c)
Figure 14. The map of estimated flood risk (a) ANN + BPSO (b) GWR (Exponential) + BPSO (c)
GWR (Bi-square) + BPSO

In Fig. 15, the values of R2 and RMSE for the ANN and GWR models are shown.
Accordingly, the bi-square kernel has higher accuracy in estimating flood risk based on effective
criteria.

Figure 15. Comparison of ANN and GWR models in terms of R 2 and RMSE
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As mentioned, since the regression coefficients are different for each location in the GWR
model, local variation and spatial non-stationarity of the regression coefficients can be obtained
by the standard deviation function. Fig. 16 shows the standard deviation of regression
coefficients GWR model (with two exponential and bi-square kernels) for calculating the rate of
local variation and spatial non-stationarity.

Figure 16. The standard deviation of regression coefficients GWR model with exponential and
bi-square kernels

According to Fig. 16, for the GWR model with the exponential kernel, the relationship
between TPI and flood risk with displacement has the most variation and the relationship
between CN and flood risk has the least variation. Also, in the GWR model with the bi-square
kernel, the relationship between DEM and flood risk with displacement has the most variation
and the relationship between CN and flood risk has the least variation. Finally, global Moran’s
index was used to determine the spatial autocorrelation of GWR model residuals, which is
calculated from Eq. 17 [34]:

n  i =1  j =1W ij ( x i − X )( x j − X )
n

I=

n

S 0  i =1 ( x i − X )2
n

(17)

Where xi and xj are the estimated flood risk for random points i and j, Wij is the spatial weight
matrix between random points i and j, S0 is the total of all weights, Xis the mean estimated flood
risk for random points and n is the total random points. Table 4, shows the values of global
Moran's index for GWR model residuals with two exponential and bi-square kernels.
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Table 4. The values of Moran's index for GWR model residuals with two exponential and bisquare kernels

Parameters
Moran’s index
Expected index
Z-Score
P-value

Kernel type
Exponential
0.153
0.000632
11.72
0.000

Bi-square
0.112
0.000632
12.03
0.000

4. Conclusions
Due to the increase in floods, especially in cities and the emergence of human, financial and
environmental risks, the identification of criteria affecting the occurrence of floods is of great
importance. Therefore, by identifying these criteria, we can prevent this phenomenon as much as
possible by using public education to the people, enacting effective management laws and
policies, and more oversight in order to deal with the stimulus criteria for increasing flood rates.
Therefore, in this study, we tried to analyze the role of spatial criteria affecting floods in
estimating flood risk, which has been neglected in many previous studies. The models used in
previous research were not very suitable for spatial data and in most cases the spatial correlation
and non-stationarity of the data were ignored. To achieve the main purpose of this study, the
spatial and non-spatial data-driven models including GWR and ANN model were used to
estimate the flood risk based on the effective criteria. The results showed that the GWR model
used, taking into account the characteristics of spatial autocorrelation and spatial nonstationarity, has higher accuracy in estimating flood risk based on effective criteria. In this study,
an attempt was also made to determine the effective criteria in estimating flood risk in the form
of another study purpose. Therefore, the Binary particle swarm optimization algorithm was used
in combination with the ANN and GWR models, which showed that the criteria have a
significant effect in estimating flood risk (study area). The important point is that the mentioned
method is not limited to this case study and can be used to estimate the flood risk in various
types of regions.
Due to the success of the spatial data-driven model used in this research, it is suggested for
future research other spatial data-driven models such as Generalized Method of Moments
Estimation for Spatial Autoregressive (GMM-SAR), Matrix Exponential Spatial Specification
(MESS) and combination of GWR with ANN were used.
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