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Abstract 

Flood-prone area analysis within drainage basins plays a crucial role in flood risk management and planning. 

This study evaluated the performance of the Logistic Regression (LR) model and the Soil Conservation 

Service–Curve Number (SCS-CN) method for flood forecasting and zoning. A total of 17 criteria were 

incorporated, including elevation, slope, aspect, plan and profile curvature, precipitation, drainage density, 

distance to rivers, lithology, land use/cover, soil type, Normalized Difference Vegetation Index (NDVI), 

Slope Length Factor (SLF), Stream Power Index (SPI), Topographic Position Index (TPI), Terrain 

Roughness Index (TRI), and Topographic Wetness Index (TWI). In the SCS-CN model, groundwater 

infiltration (S) and surface runoff (Q) were estimated, while the Analytical Hierarchy Process (AHP) was 

applied to assign weights to the factors. Flood hazard maps for 5, 15, 25, and 50-year return periods were 

then generated based on weighted layers. The Receiver Operating Characteristic (ROC) curve was used to 

validate zoning results against the LR model. Findings indicated that the CN model outperformed LR, 

achieving RMSE = 0.143, MSE = 0.021, AUC = 0.921, and STD = 0.311. Within the LR model, lithology, 

proximity to rivers, and NDVI were the most influential predictors, while in the CN model, aspect, drainage 

density, precipitation, and land use were also dominant factors. Results further showed that 45–50% of the 

basin could be classified as having medium to high flood potential over the 5 to 50-year periods, particularly 

in downstream reaches and riverbeds. Given the concentration of settlements and agricultural activities, these 

areas represent critical zones for flood crisis management and mitigation. 
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1. Introduction  

Since the beginning of life on earth, drought, 

and flood have affected human activities 

worldwide. Flood plains are a vital ecological 

part of arid and semi-arid regions, which, 

with fertile soil and water flow, are 

considered an important hub for agriculture 

and human habitation. However, occasional 

river floods constantly threaten these 

ecologically vulnerable areas and cause 

irreparable financial and human losses 

(Rustaei et al., 2020). Floods occur due to a 

sudden rise in river water levels due to 

snowmelt or heavy precipitation (Darabi et 

al., 2021). Floods cause casualties and 

economic losses in agricultural and urban 

areas, which is particularly important for this 

reason (Panahi et al., 2021; Ahmadlou et al., 

2019). Floods are often recurring natural 

phenomena that affect the global community 

regardless of their geographic location or 

socio-economic development, as shown by 

data collected by the International Natural 

Disaster Database for the years 1900- 2020 is 

evident (Garrote, 2022). Flood risk increases 

in low-lying and low-lying areas (Fang et al., 

2022). Climate change especially leads to an 

increase in the intensity and frequency of 

torrential rains, which is the main cause of 

flood intensification (Prein et al., 2017; 

Nachappa et al., 2020; Tabari, 2020). Various 

hydrological models have been developed 

and widely used in the past decades for flood 

forecasting (Crawford, 1699; Zhao et al., 

1995). However, accurate prediction of 

flood-prone areas is difficult, mainly due to 

floods’ complex and dynamic nature (Hong 

et al., 2018; Kia et al., 2012; Rozalis et al., 

2010). Several local-scale and global-scale 

methods for accurate flood risk assessment 

have been developed based on traditional 
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hydrological and hydraulic models (Bates et 

al., 2010; Yamazaki et al., 2011; 

Pappenberger et al., 2012; Winsemius et al., 

2013; Rudari et al., 2015; Sampson et al., 

2015; Dottori et al., 2016; Schumann et al., 

2016). Flood forecasting models include 

machine learning methods that yield better 

results compared to other flood sensitivity 

assessment approaches although their 

performance differs from the algorithm 

employed (Wang et al., 2019). Machine 

learning algorithms are easy to implement 

(fast training, testing, and validation) and 

have very low computational costs. It is also 

less complicated than other physical and 

conventional models (Mekanik et al., 2013; 

Mosavi et al., 2017). Therefore, using flood 

mitigation methods is considered the best 

strategy for flood risk management (Khosravi 

et al., 2019; Tien Bui et al., 2017). Many 

researchers have used several methods to 

develop flood susceptibility models. Many 

researchers have used several methods to 

develop flood-prone models (Sahana et al., 

2020; Costache and Bui, 2020). In recent 

years, numerous studies have investigated the 

effectiveness of machine learning algorithms 

in flood forecasting. These studies, which 

have used a variety of methods, including 

artificial neural networks, decision trees, and 

hybrid models, have shown that machine 

learning can significantly improve forecast 

accuracy. This growing trend in the use of 

intelligent methods indicates a paradigm shift 

in hydrological modeling, including machine 

learning algorithms (Bui et al., 2019; Wang 

et al., 2019; Wang et al., 2020; Shahabi et al., 

2020; Dodangeh et al., 2020, Sulaiman and 

Wahab, 2017; Zhao et al., 2018, Samanta et 

al., 2018; Khosravi et al., 2019; Tehrany and 

Kumar, 2018 , Pradhan, 2010; Lee et al., 

2018; Tehrany et al., 2019; Wubalem et al., 

2021; El-Rawy et al., 2022, Aditian et al., 

2018; Polykretis et al., 2018; Soma et al., 

2019, Nguyen et al., 2017; Sahana et al., 

2020, Lyu et al., 2020; Santos et al., 2019; 

Tang et al., 2018, Aziza Abbas et al., 2014; 

He et al., 2019; Jehanzaib et al., 2022; Cai 

and Xu, 2022; Hosein et al., 2022; Shatnawi 

and Ibrahim, 2022; Upretia and Ojha, 2022, 

Xu et al., 2024; Linusa et al., 2024; Pavesi et 

al., 2024; Hitouri et al., 2024; Gholami et al., 

2025; Obada et al., 2025, Islam et al., 2025). 

Numerous studies have shown that machine 

learning and deep learning algorithms have 

played an essential role in improving the 

accuracy of flood risk zoning. A significant 

part of these studies has used classical 

machine learning methods, such as decision 

trees, random forests, support vector 

machines, and Bayesian methods, to predict 

floods. Another group of researchers has 

sought to better identify the complex, 

nonlinear relationships between 

environmental factors and flood events by 

using neural networks, hybrid models, and 

feature selection methods. More recent 

studies have also used deeper models, 

attention mechanisms, and explainability 

methods, such as SHAP, to enhance the 

accuracy, transparency, and reliability of 

results. Overall, these studies show that the 

use of machine learning methods can produce 

flood susceptibility and risk maps with higher 

accuracy and can be very effective in 

management decision-making. This study 

aims to investigate the risk of flooding in the 

Kalateh-ye Qanbar Drainage Basin in 

Nishabur. Considering the region’s large size 

and the prevalence of dry and semi-arid 

climatic conditions, it is possible to 

understand the importance of flood risk 

assessment and zoning in this basin. This 

issue is especially important due to the vast 

agricultural lands and the protection of water 

and soil resources. Also, the current research 

is the development of modeling using the 

Curve Number (CN) model with the help of 

geomorphic factors and comparing its 

performance with the regression model to 

compare the models and determine the 

relative advantage of these two models in 

flood forecasting. Therefore, flood risk 

zoning in the study drainage basin is one of 

the basic steps in the management measures 

related to reducing and dealing with flood 

risk. 

 

2. Material and Methods 

2-1. Study area  

Covering an area of 2,422.2 hectares in the 

southeast of Nishabur city, Zabarkhan and 

Mianjolgeh districts, Kalateh-ye Qanbar 

Drainage Basin is located at a distance of 

about 55 kilometers to the southeast of 

Nishabur city at latitude: 53°58’58” E and 

longitude: 53°49’35” N. Also, some areas are 

located in Kadkan District, north of Torbat-e 

Heydariyeh city. This area is part of the 

central Iran zone. Generally, the geology of 
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this area is formed from the erodible rocks of 

the Neogene, which is a part of the third era 

of geology. Another characteristic of this 

basin is the presence of high-density 

waterways in them, which cause muddy 

floods (Figure 1). The study area has 

significant topographic irregularities that is 

located in a mountainous region with 

outcrops of metamorphic rocks, including the 

ophiolite complex and Jurassic granites. 

Lower Cambrian rocks and the Chah Palang 

Formation also outcrop in this area, 

indicating a complex geological and 

topographic diversity. In terms of land cover 

and use, studies show that land use and land 

surface cover in similar regions of Iran have 

undergone significant changes under the 

influence of natural and human factors, 

making these layers important factors in 

erosion and environmental models. In terms 

of climate, the average annual rainfall in 

neighboring areas, such as Sabzevar, has a 

coefficient of variation of about 34.3%, and 

the primary precipitation season is winter. 

The average annual temperature has also 

been increasing, with a coefficient of 

variation of 97.5%, indicating significant 

temperature fluctuations in the region (Taheri 

and Ahmad, 2012). 

 

2-2. Methodology 
In the current research, the area’s height  

 

was determined digitally using the  

DEM digital height model in Arc GIS  

10/4 software to check the flood situation  

in the study area. Sentinel-2 satellite images 

of 2022 were used to prepare the land  

use map. Equation (1) for preparing the  

TWI and SPI maps is obtained from Equation 

(2). Next, 30-year data (2004-2024)  

were used to prepare the precipitation  

layer. Then, the kriging interpolation method 

was employed to prepare the precipitation 

map because this method has the lowest  

error value of root mean square error 

(RMSE) and absolute mean error (MEA). 

Equation (3) was used to prepare the 

vegetation density layer. The maximum 

infiltration map in the region is obtained 

using Equation (4). This layer shows the 

amount of rain that infiltrates the earth’s 

surface. In the next step, precipitation zones 

with 5, 15, 25, and 50 years return periods 

were prepared from the data related to the 

maximum daily precipitation (29 

meteorological stations with a standard 

statistical period of 30 years). Then they were 

interpolated using the Inverse Distance 

Weighted (IDW) model. Since the smallest 

error in the precipitation data was type II, 

Equation (5) was used to plot the runoff 

layer. The dataset is illustrated in Table 1. 

The flowchart of the research steps is shown 

in Figure 2. 

 
Figure 1. Geographical location of the study area. 
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Table 1. The parameters used to prepare the flood sensitivity map. 

Parameters Sources of data extraction data type Scale 

Slope Topography map Vector 1:50000 

DEM ASTER sensor Grid 30×30 

Lithology Geological map Vector 1:100000 

CN map 

Natural and urban land use map 

(Khorasan Razavi Natural Resources 

Organization), soil map (Khorasan Razavi 

Watershed Organization), and Landsat 8 

satellite images (USGS website) 

Grid 12.5 Meter 

Rainfall 
Statistical hydrological and climatic data 

of rain gauge stations 

 

Grid 
30×30 

Runoff coefficient Topography map Vector 1:50000 

Land use 

Natural and urban land use map 

(Khorasan Razavi Natural Resources 

Organization) 

Vector 1: 100000 

Elevation DEM Grid 12.5 Meter 

NDVI 
Landsat 8 satellite images (USGS 

website) 
Grid 30×30 

TWI, SPI,TRI, SLF, 

TPI 
Aster sensor Grid 30×30 

 

 
 

Figure 2. Flowchart of research steps. 

 

2-3. The US Soil Conservation Service 

(SCS) method 

The US Soil Conservation Service (SCS) 

method is widely used to estimate runoff 

based on rainfall and basin characteristics, 

particularly in watersheds where direct runoff 

measurements are unavailable (Mohammadi 

and Panahi, 2006; Abedini & Lotfi, 2019). 

Runoff is a critical component of surface 

water hydrology. 

In this study, the maximum 24-hour 

precipitation data from meteorological 

stations over a 30-year statistical period were 

used to estimate the runoff height. The SCS 

method calculates the runoff using Equation 

(1): 

Q = 
(𝑃−0.2)2

(𝑃+0.8𝑆)2     for        SP >0.2                (1) 

where: Q is the runoff height (mm), 

P is the 24-hour precipitation height (mm) 
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S represents the maximum storage capacity 

related to interception, infiltration, and 

surface storage (Mahdavi, 2023). 

The parameter SSS is influenced by land 

cover type, land use, and soil permeability. It 

is derived from the dimensionless Curve 

Number (CN), which ranges from 0 to 100. A 

CN value of 0 indicates no runoff generation 

from precipitation, while a CN value of 100 

implies that all rainfall becomes surface 

runoff, making runoff height equal to 

precipitation height (Hawkins, 1980). 

 

2-4. Topographic wetness index (TWI) 

The TWI shows the state of soil moisture, 

water depth, and topographic saturation zone 

(Moore et al., 1991). 

TWI = In (
AS

tanβ
)                                         (2) 

As depicts, the basin area and β is the land 

slope gradient (°). 

 

2-5. Stream power index (SPI) 

The stream power index represents the 

erosive power associated with the flow and 

the gravitational forces that move water 

downstream (Moore et al., 1991). 

SPI = As × tan σ                                       (3) 

As is the basin area and σ is the land slope 

gradient (°). 

 

2-6. Normalized Difference Vegetation 

Index (NDVI) 

VIS and NIR are visible and near-infrared 

spectral reflectance measurements, 

respectively (Massey et al., 1988). 

NDVI =  (NIR − (NIR +  VIS)                   (4) 

S = 25.4 (
1000

CN
− 10)                                   (5) 

Q = (
P−2S

(P+8S)
)                                               (6) 

P stands for precipitation (mm), S represents 

the number of primary abstractions (mm), 

and Q depicts the amount of runoff (mm). 

 

2-7. Slope length factor (SLF) 

The SLF describes the effects of topography 

and hydrology on soil erosion (Moore et al., 

1991). SLF index is calculated using SAGA-

GIS software by Equation (6). 

SLF = (As/22.13)
0.4

× (sinβ/0.0896)
1.3              

(7) 

As is the upstream area (m
2
), and β is the 

slope gradient in a given cell (°). The SLF 

values in the study area range from 0 to 266. 

 

2-8. Topographic position index (TPI) 

TPI represents the difference between a focal 

cell’s height and neighboring cells’ average 

height (Guisan et al., 1999). TPI is calculated 

using Equation (8). 

TPI = Z0 − ∑(1−𝑛)𝑍𝑛/n                            (8) 

Zn is the height of the cells (m) in the 

window, Z0 is the height of the evaluated cell 

(m), and n is the total number of neighboring 

cells used in the evaluation. 

 

2-9. Terrain ruggedness index (TRI) 

In the TRI, flat areas have a value of zero, 

while positive TRI values are found in 

mountainous areas with steep ridges (Dorn et 

al., 2014). 

TRI= √∑ ZMd8
P=1                                        (9) 

P is the number of surrounding pixels, and 

ZMd is the average difference of eight pixels 

around each pixel. 

 

2-10. Logistic regression model 

Logistic regression is a multivariate 

statistical analysis considering several 

physical parameters that may affect the 

probability of flooding (Shirzadi et al., 2012). 

Logistic regression aims to determine an 

appropriate model to define the relationship 

between the dependent variable and the 

factors affecting flooding to generate 

coefficients for each variable (Lee et al., 

2007). The logistic regression predicts the 

presence or absence of flooding as zero. In 

this research, to estimate flood sensitivity 

using the mentioned model for each of the 

network cells in the region, flood sensitivity 

has been evaluated using statistical modeling 

and the relationships of a set of 

environmental conditions (independent 

variables) and flood occurrence (dependent 

variable). The variables selected as flood risk 

predictors are topography, hydrology, 

lithology, and land use/cover. In 

implementing the logistic regression model, 

it is necessary to quantify all factors affecting 

the occurrence of floods. Land use, lithology, 

soil, and hydrologic units are qualitative and 

require meaningful codes. In this way, the 

qualitative layers (land use, lithology, and 

slope aspect) are arranged and coded in 
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descending order based on the effect of 

flooding in the basin. Then, in the SPSS 

environment, samples were taken from the 

available data, and a sample equal to 20 

percent of the data was prepared. After this 

step, the logistic regression model is run. 

This study uses a step-by-step method to 

enter data into the logistic regression model. 

Dependent variables (y) are the occurrence 

and non-occurrence of floods. Independent 

variables (xi) are some environmental 

factors, including slope aspect, slope 

gradient, precipitation, land use/cover, 

lithology, elevation, and distance to river. 

70% of floods in the region have been 

prepared using factors of the effective layer 

on flooding (independent variable). After 

entering the data into the model, the 

coefficients were extracted according to 

Table 2. In this study, the logistic regression 

model was chosen for its ability to analyze a 

two-state dependent variable (flood 

occurrence vs. non-occurrence) and for its 

accurate interpretation of the effects of 

independent factors such as rainfall, 

topography, and land use on the probability 

of a flood. This model, given its successful 

history in natural hazard zoning studies and 

its compatibility with spatial data in a GIS 

environment, allows the production of flood 

risk zoning maps with appropriate accuracy. 

In addition, the flexibility of logistic 

regression for handling incomplete data and 

its efficiency in limited-sample conditions 

make it a suitable option for this study. 

 

2-11. Determining the CN 

The CN is a variable and dimensionless 

parameter used in the SCS model to 

determine the initial loss parameter and the 

amplitude delay. After identifying the HSGs 

of the basin, the overlap of different layers, 

such as land use, is applied to determine the 

CN of the basin. After placing the basin soil 

HSGs to determine the CN of the basin using 

the digital elevation model of the land use 

map along with the basin soil map and 

creating its layer in the Arc GIS environment 

and overlapping these layers, the CN for soil 

and vegetation sets based on the average 

previous CN of mode II is estimated (Rustaei 

et al., 2017). The hypothetical average 

method was used to obtain the CN of the sub-

basins. To this end, soil and land use maps 

overlapped, and homogeneous units were 

identified. Then the number of curves in each 

division was determined and multiplied by 

the covered area. When the sum of the 

multiplications was divided by the total area 

of the basin, the average CN was obtained. 
 

Table 2. Coefficients of the logistic regression method. 

 Independent variables Coefficients 

X0 Constant number -2.36440721 

X1 Slop -0.00020103 

X2 Density river -0.000115544 

X3 NDVI -0.12234531 

X4 Lithology 0.2236541 

X5 Curvature -0.4321598 

X6 Elevation 0.229981 

X7 Distance from river -0.2581261 

X8 TWI -0.00036521 

X9 SPI 0.3156987 

X10 Rainfall -0.3255143 

X11 Land use -0.000258741 

X12 Aspect -0.0011121 

X13 Plan curvature -0.0004281 

X14 Profile curvature -0.00261512 

X15 Density river -0.1235414 

X16 Soil -0.0012056 

X17 SLF -0.1361541 

X18 TPI -0.00002681 

X19 TRI -0.2654122 
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3. Results and Discussion  

The slope is the determining factor in the 

speed of water movement and flow. Also, the 

water moves fast in lands with steep slopes. 

In the study area, the average slope area is 30 

degrees. At a slope of 0-10 degrees, the water 

velocity increases, resulting in the peak 

hydrographic flow becoming faster. The state 

of the drainage network plays an important 

role in causing floods. Water flow in 

waterways is much faster than surface flow. 

Therefore, the higher the drainage density in 

a drainage basin, the higher the runoff 

accumulation rate and the steeper the ascent 

curve of the hydrograph will be. Examining 

the relationship between drainage density and 

a coefficient of 0.876 with the highest and a 

coefficient of 0.103 with the lowest value has 

the greatest effect on floods in the area, in 

which, some central, western, and 

southwestern parts of the basin have dense 

vegetation. As a result, water infiltration and 

runoff formation in this type of vegetation 

are reduced. Vegetation in the northern and 

eastern areas of the region is weak. As a 

result, the amount of water infiltration is low 

and increases the risk of flooding. 

In some cases, lithology is the most 

important factor in flood control. Changes in 

lithological properties due to changes in rock 

resistance and permeability affect the 

intensity and distribution of floods (Fanni 

and Gheshmi, 2017). The siltstone unit is 

very sensitive to erosion and sedimentation, 

so erosional and grooved forms can be seen 

on them. On their surface, there are fine-

grained pink soils with considerable 

thickness. The old alluvial defense unit has a 

high potential for erosion and sedimentation. 

Because their soil is very steep, the flood 

does not have much energy to reach them and 

lateral erosion is not seen in them. A young 

river’s terrace unit has little erosion 

resistance due to the high density of 

waterways. The curvature of the slope shows 

the shape of the topography. Positive 

concavity indicates a surface where pixels are 

convex and negative concavity indicates a 

surface where pixels are concave. Zero (0) 

indicates that the surface is flat (Lee, 2004): 

flat lands have the greatest impact on floods. 

Topography plays an essential role in 

flooding. Flood flow is not the same on 

different surfaces (Green et al., 2014): most 

floods occur at an altitude of 1000-1500 

meters. Flooding occurs near waterways, but 

it is less frequent at distances away from 

waterways (Wang et al., 2015). Most floods 

occur at a distance of 0 to 500 meters. The 

TWI shows the spatial distribution of 

humidity (Razavi Termeh and Malek, 2017). 

Slope classes 0-10 have the highest effects on 

floods. The SPI shows the erosive capacity of 

the waterway, which is directly related to the 

degree of slope and the basin’s area. Slope 

classes 10-20 has the most effect in floods. 

Precipitation is an important factor in 

flooding. In the studied area, spring is the 

season of heavy rains and river flooding. In 

the studied area, more than 220 mm of 

precipitation has the greatest effect on the 

occurrence of floods. Human activities and 

land use/cover are effective factors in causing 

floods. The use of pasture has the greatest 

effect on the occurrence of floods in the 

study area. The topographic moisture index 

shows the amount of water accumulation in 

each pixel of the drainage basin. 

The highest value of this STI index is 13, 

which is observed in all parts of the region. 

The sediment Transport Index (STI) indicates 

the strength of water flow in terms of 

erosivity, which affects hydrological 

conditions (Hong et al., 2018). The highest 

value of this index is observed in the 

northeastern regions of the area. SLF is a 

factor that describes the effects of topography 

and hydrology on soil erosion (Moore et al., 

1991). In the study area, the northeastern 

areas of the region have the greatest impact 

on the occurrence of floods. The soil factor is 

an influential factor in controlling the 

rainfall-runoff mechanism (Xie et al., 2019). 

Aridisols are less prone to flooding due to 

higher permeability, and Entisols are more 

susceptible to flooding due to higher 

permeability. Profile curvature is the 

curvature along the line of maximum slope 

and is expressed as the change rate of slope 

aspects. The profile curvature indicates the 

intensity of water flow and transport and 

sedimentation processes. The flow speed 

increases in slope class 0-10, and the flood 

flows faster on this surface. The northern, 

eastern, and western slopes are prone to 

flooding due to heavy rain, long snow, and 

humidity. One of the most important factors 

in increasing flood damage is the irrational 

use of apparently favorable and potentially 

dangerous water resources exposed to 
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periodic floods. Areas adjacent to rivers are 

more affected by river floods, and the risk of 

flooding decreases by moving away from 

riverbeds. In most cases, the mentioned areas 

correspond to the flood plains of the region, 

which are always exposed to river floods 

(Figure 3). 

 

3-1. Runoff  

The SCS-CN equation has been used  

to estimate surface runoff for 5, 15, 25,  

and 50 years return periods. The  

CN parameter plays a vital role in  

estimating runoff and flood. To determine  

the CN, the area’s soil, land use, vegetation 

density, and rainfall of the basin have  

been used (Figure 4). The amount of 

produced runoff has a direct relationship with 

floods, and regardless of other factors, the 

higher the amount of produced runoff in an 

area, the higher the probability of flood 

occurrences. 
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Figure 3. Factors affecting flood occurrence: Analysis of the impact of climatic, topographic, hydrological and human 

variables on increasing flood risk. 

 

 

 
Figure 4. Maximum daily runoff with return periods of 5, 15, 25 and 50. 

 
Figure 3 shows the maximum daily  

runoff discharge for 5, 15, 25, and 50-year 

return periods in the study area. The return 

period expresses the probability of  

a hydrological event (such as a flood) of  

a certain severity occurring within a given 

time interval. For example, a discharge with 

a 5-year return period represents the 

maximum discharge expected on average 

every 5 years, while a discharge with a 50-

year return period represents rarer, more 

severe events. These analyses use historical 

hydrological data and statistical distribution 

curves (such as the Gumbel or Log-Pearson 

type III distribution) to estimate flood risk 

and design hydraulic structures. The results 

provide a scientific basis for flood risk 

zoning and water resource management in 

the region. 

 

3-2. Hydrologic soil groups (HSGs) 

Information on resource assessment, land 

capability and geological layers have been 

used to prepare the hydrological group map. 

This layer shows the rain penetrating the 

ground (Figure 5). 
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Figure 5. CN map and final infiltration map (S), (the unit of influence in the CN map is 0 or 1). 

 

As Figure 5 illustrates, the effect of the CN 

coefficient in reducing the output flow rate is 

greater than the slope coefficient of the 

channel. Based on the sensitivity analysis of 

the parameters and the interpretation of the 

results presented in Figure 5, the effect of the 

CN coefficient (curve number) on the 

changes in the outflow is much greater than 

the effect of the channel slope coefficient. 

This is because CN, as an indicator of 

infiltration capacity and runoff production, 

has a nonlinear, direct impact on outflow 

volume. In contrast, the channel slope only 

changes flow velocity, with its effect on 

outflow volume being linear and limited. 

Therefore, small changes in CN can 

significantly alter outflow, whereas changes 

in channel slope have a negligible impact. 

Figure 5 also confirms this by showing 

changes in outflow across different scenarios. 

This reduction effect also works differently 

in sensitive hydrological units. The 

remarkable thing is the reverse effect of the 

slope of the waterways, which should be 

considered. In total, among the factors 

affecting the output of the basin in 

hydrological units, the most important and, at 

the same time, the simplest factor in terms of 

control and its effect on the output of the 

basin is the CN factor, which is mainly 

related to vegetation and the potential of 

runoff production in the area. The study is 

relatively large. The highest number of the 

runoff curve in high humidity conditions in 

the study area is 1.99, and the lowest value is 

1.19. The high weighted average of the 

basin’s CN indicates the basin’s low 

permeability and the increased probability of 

flooding due to the presence of permeable 

soils. The results show that the highest CN is 

related to water lands, and the lowest CN is 

related to lands with good vegetation. In the 

map of hydrological groups, the highest 

percentage of the basin is related to groups 

with low permeability characteristics. In the 

land use map, land use with low soil 

permeability or non-permeable surface 

covers the largest area of the basin. 

Then, the maps of precipitation zones with 

different 5, 15, 25, and 50 years return 

periods were prepared from the data related 

to maximum daily rainfall. After conducting 

relevant tests on data homogeneity and 

sufficiency, the amount of precipitation for 

the desired return periods was prepared using 

type 1 Gumbel
1
 distribution. The potential 

use of the Gumbel distribution (Gumbel 

distribution describes the behavior of values 

of a maximum number of random samples) 

to represent the maximum relevant 

distribution is likely useful if the underlying 

sample data distribution is normal or 

exponential. This paper uses the Gumbel 

distribution to model the maximum value 

distribution. To model the minimum value, 

original negative values have been used. 

Nishabur rain gauge station has the highest 

precipitation amount, and Fadiyeh has the 

lowest. After applying weighting to the 

layers, based on their relationships and 

effects on flood stations, a standard function 

was employed for the weighted layers. Then 

the maximum precipitation was prepared for 

different return periods (Figure 6). As the 

investigations show, the flow rate has 

increased for a longer return period, and the 
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area is prone to flood occurrences. Of course, 

the difference in the expansion of the flood 

zone is primarily caused by topographical 

features. Wherever the width of the channel 

bed increases, the width of the flood surface 

also increases, and the runoff spreads over a 

wider area. The reason for the slight 

difference in flood levels in many places is 

the existence of steep topography. The 

regional results of flood zoning show that the 

highest percentage, i.e., 45 to 50 % of the 

basin area in all four return periods, is 

allocated to areas with moderate and high 

floods. These areas are mainly concentrated 

in the north, northeast, west, southeast, and 

center of the basin. Among them, the lowest 

percentage is related to the five years return 

period. 

Examining the zoning maps shows that the 

flood-prone areas have the lowest slope. 

Also, the use of these lands is more of the 

poor pasture type, which creates suitable 

conditions for floods. The lowest flood 

potential in the region is directed to plains 

and low-lying areas, usually characterized by 

uses such as rainfed agriculture. The land 

slope gradient in these areas is at its lowest 

and below 10 degrees, which produces little 

runoff, which in turn has a significant effect 

on the flooding of a place. These changes 

have occurred mainly in the western parts of 

the basin, and other areas have remained 

almost constant. One of the basic and critical 

assumptions of logistic regression is that the 

error of each observation is independent of 

the error of other terms (no multiple 

correlations). The results of the logistic 

regression that shows the relationship 

between the occurrence of floods and the 

factors affecting the occurrence of floods are 

shown in Table 1. Data were analyzed by 

entering all independent and dependent 

variables, including 197 flood situations with 

codes 1, 30, and non-flood. Positions with a 

code of 0 were entered into the logistic 

regression statistical model (Table 3). 

 

  

  
 

Figure 6. Rainfall map with return period of 5, 15, 25 and 50 years. 
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Table 3. Spatial factor coefficients in the Logistic Regression Method. 

Method Factor 

B (The 

width of 

the 

regressio

n origin) 

S.E 

(Variable 

coefficient) 

Wald 

(Paramet

ric test) 

df 

(Equivalent 

to the 

difference in 

the number 

of 

coefficients) 

sig 

(Signifi

cance 

level) 

eB (Odds 

ratios 

associate

d with a 

change 

in 

predicto

r scores) 

%95 C.I. For eB 

(confidence 

interval) 

Lower upper 

Enter 

Slope 2.31 0.9 10.213 1 0.001 12.111 0.626 1.076 

Litholog

y 
3.41 0.654 11.011 1 0.05 18.323 0.999 0.961 

Density 

river 
1.71 0.001 0.421 1 0.113 6.171 0. 728 2.066 

Land 

curvatur

e 

-0.001 0.067 0.312 1 0.211 0.153 0.355 1.071 

Elevatio

n 
1.22 1.003 0.077 1 0.101 6.322 0.489 1.023 

Distance 

from 

rivers 

4.12 0.989 13.251 1 0.05 28.221 0.978 0.961 

TWI 1.66 1.002 0.621 1 0.271 4.525 0.728 1.099 

SPI 1.52 0.001 0.789 1 0.266 3.212 0.711 1.089 

Land use 0.1 0.7 0.011 1 0.454 12.101 0.714 1.044 

NDVI 3.91 0.921 8.516 1 0.05 21.211 0.933 0.978 

Rainfall 2.31 0.02 6.371 1 0.001 11.179 0.868 1.036 

Runoff 2.83 0.823 4.459 1 0.001 12.254 0.891 1.714 

Hydrolo

gic soil 

groups 

1.56 1.006 0.853 1 0.373 11.763 0.688 1.623 

Aspect 2.11 0.123 1.156 1 0.154 11.23 0.654 1.412 

plan 

curvatur

e 

1.36 0.213 1.194 1 0.236 13.11 0.423 1.265 

profile 

curvatur

e 

0.002 0.154 1.354 1 0.458 17.33 0.398 1.522 

Soil 2.21 0.312 0.613 1 0.622 22.113 0.796 1.754 

SLF 1.91 0.112 0.456 1 0.005 14.31 0.811 1.623 

TPI 1.63 0.312 0.513 1 0.008 14.56 0.901 1.722 

TRI 0.04 0.352 0.752 1 0.698 16.64 0.725 1.098 

Fixed 1.085 6.103 0.058 1 0.731 2.413 0.841 1.721 

 

According to the coefficients of the 

independent variables, it can be concluded 

that lithology, distance to waterway, and 

NDVI are effective factors in the occurrence 

of floods in the study basin. For fitting the 

regression coefficients, the existing flood 
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layer Y is the response variable, and the layer 

of variables affecting the occurrence of 

floods is variable X. In addition to the 197 

flooded points identified in the study area, 

another 110 locations were randomly 

selected throughout the basin. After covering 

the layers, they were divided into classes, 

such as the presence of flooded points, code 

1, etc. Regarding non-flooded points, 

influential factors such as non-flooded points 

were coded as 1 and other types as 0. After 

entering the data into the model, statistical 

analysis was performed, and finally, the 

coefficients of the classes of independent and 

dependent variables were assigned. After 

applying the coefficients obtained from the 

model, the independent variables of the linear 

parameter Z were prepared. Negative weights 

for logistic regression coefficients indicate 

that flood occurrence is negatively correlated 

with independent variables. For the earth 

curvature coefficient, the weighted values are 

negative. The distance to waterway, with a 

value of 4.12, has the greatest weight in the 

occurrence of floods. The significance level 

of 0.05 indicates a statistically significant 

effect of the influencing factor on floods.  

The most influential factors in terms  

of geological importance are the distance  

to waterway/river and NDVI. The difference 

in the negative two log-likelihood (-2LL)  

is considered an effective indicator of model 

improvement in the null model (Table 4). 

The minimum value of -2LL provides  

the best GoF model for the data and describes 

the reduction values until the final iteration 

step. Cox/snels and Nagelkerke’s R-squared 

are employed to measure the model.  

The higher the R-squared, the better the 

model will be (Althuwaynee et al., 2014). 

Equation (9) prepared the flood sensitivity 

map (Figure 6). 

 
Table 4. Table of Logistic Regression Method. 

Negelkerkes R-

square 

Cox/snells R-

square 
-2log likelihood Step Metod 

0.951 0.701 40.59   4a 1 Enter 

 

p = (flood susceptibility)  =  
ez

1+ez
                                                                                                 (9) 

Z = 2.31   × slope– 3.41   × Lithology– 1.71 ×Density river–0.001   × Curvature– 1.22   × Elevation– 

4.12 × Distance from river– 1.66  × TWI – 1.52 × SPI– 2.87   × Rainfall – 0.1   × Land use – 3.91 ×

NDVI  – Rainfall  × 2.31 – Hydrologic soil groups × 1.56 – Runoff  ×Aspect– 2.11 ×plan curvature 

– 1.36 ×profile curvature – 0.002 ×Soil – 2.21 ×SLF – 1.91 × TPI – 1.63 × TRI – 0.04  

 

 
Figure 6. Flood susceptibility zoning map with Logistic Regression model. 
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3-3. Validation of the flood susceptibility 

map 

Validation of prepared maps is essential in 

determining flood-prone areas and their 

quality (Pourghasmi et al., 2013). The ROC 

curve is a visual representation of the balance 

between negative and positive error rates for 

any possible value of cutoff points or AUC. 

The area under the ROC curve represents the 

prediction value of the system by describing 

its ability to correctly estimate flood 

occurrence and non-occurrence. Floods that 

happened (flood occurrence) and events that 

did not happen (no flood occurrence) (Lee et 

al., 2017). In ROC curves, the specificity or 

false positive rate is shown on the X axis, and 

the sensitivity or true positive rate is shown 

on the Y axis. The TPR (sensitivity) is 

plotted against the FPR (1-specificity) for 

each possible cutoff value of the accuracy 

assessment. The TPR (sensitivity) and the 

FPR (1-specificity) were calculated via 

Equations (10), (11), and (12) (Chen et al., 

2018). 

Sensitivity =
TP

(TP+FN)
                               (10) 

1 −  Specificity = 1 −  [
TN

FP+TN
]              (11) 

AUC =
(∑ TP+∑ TN)

P+N
                                    (12) 

TP stands for True Positive (True Pixel), 

classified as a correct prediction (flood 

occurrence). TN stands for True Negative. 

Pixels that are correctly classified as False 

Positive (FP) predictions (flood non-

occurrence) are FPs, and pixels that are 

incorrectly classified as flood occurrence are 

False Negatives (FNs), and pixels are 

incorrectly classified as flood non-

occurrence. P is the total number of flood 

occurrences (correct prediction), and N is the 

number of independent realizations of a  
 

model probability distribution. Data from 

flooded areas and several other random 

pixels from non-flooded areas were prepared 

to use the ROC curve in this study. Due to 

the existence of 1174 pixels for flood-prone 

areas in the map, at the end, 1174x2 matrices 

were created for each zoning model to check 

the estimates of flood occurrence or non-

occurrence in risk categories. Therefore, 

flood risk maps were evaluated using the 

ROC curve and considering the area under 

the curve. The results showed that the 

prediction rate for the logistic regression 

model is AUC 0.815 and for the CN model 

AUC 0.921, indicating the high accuracy of 

the models (Figure 7). 

Then, the performance of the models was 

evaluated using appropriate GoF criteria, 

such as root mean square error (RMSE) and 

mean absolute error (MAE). The above 

statistical criteria alone are insufficient to 

evaluate the models because RMSE and 

MAE are based on error evaluation (Panahi 

et al., 2021). The results obtained from the 

two models used are shown in Table 5, 

illustrating that the SCS-CN model performs 

best for modeling flood-prone areas 

following the observational events (the 

highest AUC value and the lowest StD, MSE, 

and RMSE values). The SCS-CN model 

performance based on the AUC is an average 

5% performance improvement. 

 

3-4. The SCS-CN model 

The value of each score has been considered 

to weight the layers according to the AHP 

method and according to the opinions. 

Finally, the layers were combined, and a 

flood-prone zonation map was obtained 

(Equation 13). Table 4 shows the class and 

weight assigned to each factor. 

 
Figure 7. ROC curve of Logistic Regression model and CN model. 
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Table 5. Scores of factors affecting the occurrence of floods. 

Criterion The final weight of the layers 

Runoff 0.033 

Hydrologic soil groups 0.048 

Slope 0.151 

Lithology 0.054 

Density river 0.181 

Land curvature 0.023 

Elevation 0.041 

Distance from river 0.058 

TWI 0.69 

SPI 0.078 

Rainfall 0.199 

Land use 0.191 

NDVI 0.083 

Aspect 0.071 

Plan curvature 0.081 

Profile curvature 0.041 

Soil 0.099 

SLF 0.015 

TPI 0.085 

TRI 0.089 

 
Flooding = 0.151 × Slope + 0.054 × Lithology + 

0.181×Density river+ 0.001 × Curvature + 0.044 

× Elevation + 0.058 × Distance from river + 0.069 

× TWI + 0.078 × SPI + 0.199 × Rainfall + 0.191 

× Land use + 0.083 × NDVI + 0.048 × 

Hydrologic soil groups + 0.033 × Runoff + 0.083 

× NDVI × Aspect + 0.071 ×plan curvature + 

0.081 ×profile curvature + 0.041 × Soil + 0.099 × 

SLF + 0.015 × TPI + 0.085 × TRI + 0.089 

(13) 

By performing Equation (13) on the layers, 

the flood map with the 5, 15, 25, and 50 

years return periods of the basin was 

obtained (Figure 8). According to the map, 

the flood-prone area is located in the northern 

and western parts of the highlands. 

Examining the layers used in flood zoning 

shows these areas have a slope of less than 

30°. Also, these areas include poor rainfed 

pastures. Flooding conditions are less in the  

 

eastern areas due to lower slope, dense 

vegetation and drainage density. The slope of 

the land in these areas is 5°, which causes 

less runoff. The land use change in the region 

is diverse in different places. The conversion 

of forest land to agriculture, pasture land to 

agriculture, and agricultural land to 

abandoned land are among these changes. In 

the northern and northeastern parts of the 

basin, severe land damage and its change to 

irrigated lands can be observed. The 

conversion of agricultural land to pasture is 

maintained in the southern and southwestern 

parts of the basin. As a result, it affects the 

value of the curve of the basin, especially in 

the mentioned areas, and causes an increase 

in the number of curves. The classes that 

have the potential of runoff are water lands 

that are generally located in the northeast and 

southeast of the region. 
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Figure 8. Flood potential zoning with return period of 5, 15, 25 and 50 years. 

 

4. Conclusion  

The northern and western parts of the basin 

are in high-risk and very high-risk classes. Its 

main reasons are low altitude, low slope 

gradient, poor vegetation, high drainage 

density, and convex surfaces. Runoff is lower 

in areas with dense vegetation, resulting in 

reduced floods. Therefore, in areas with low 

or moderate flooding, the levels of CN and Q 

decrease, and the S factor increases. The 

results show that the SCS-CN model has high 

speed and accuracy in preparing the flood 

zoning map, and the predictions are very 

close to the existing reality. Examining the 

parameters affecting the occurrence of floods 

shows that various environmental and human 

factors cause an increase in floods in the 

basin. Among the human factors, the change 

in land use, the creation of inappropriate 

constructions in the vicinity of waterways, 

the destruction of the slope due to plowing 

and turning it into agricultural land, and the 

destruction of vegetation due to the excessive 

grazing of livestock can be mentioned. 

Natural factors include low slopes, torrential 

rains, impermeable sediments, and soft and 

erodible formations. Considering the physical 

characteristics of the basin, including the 

area, low permeability, and low 

concentration time, especially in recent years, 

the height of the basin’s runoff has increased, 

and destructive floods have caused problems 

in Kalateh-ye Qanbar Drainage Basin. Using 

flood estimation methods, flood discharge 

with longer than 5-50 years return periods 

produces more flood volume. The results of 

this study showed that the combined AHP 

method for layer weighting and the SCS-CN 

model for estimating hydrological response 

can produce flood risk zoning maps for 5, 15, 

25, and 50-year return periods with 

acceptable accuracy. The AUC value of 0.81 

indicates the model's appropriate accuracy in 

identifying high-risk areas, consistent with 

the range reported in studies by Kader et al. 

(2024). Studies that have used only MCDM 

methods such as AHP have also been able to 

identify high-risk areas with reasonable 

accuracy; the overall spatial results (risk 

concentration in the northern and western 

parts of the basin due to low slope, high 

drainage density, and poor vegetation cover) 

are consistent with the patterns reported in 

regional studies, and with the results of the 

study by Seydi et al. (2023). Recent studies 

have also proposed and implemented 

statistical validation methods, such as the 

ROC/AUC curve, to assess the reliability of 

zoning maps. Therefore, the current research 

approach to validation using logistic 

regression and ROC is consistent with the 

study by Al-Areeq et al. (2022). However, 
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the study by Abu El-Magd et al. (2022) 

shows that machine learning and hybrid 

methods can increase accuracy more than 

traditional methods; some studies have 

reported that machine learning models or 

hybrid frameworks can achieve higher AUC. 

On the other hand, the finding that dense 

vegetation reduces runoff and risk is 

confirmed by Hong (2025), which 

emphasizes the need for nature-based 

methods for flood mitigation. According to 

the flood risk zoning map, appropriate 

management measures can be taken to reduce 

flood damage with the two mentioned 

models. Among them, we can mention the 

construction of dams to reduce water flow, 

store, and accumulate water by observing the 

following points. The principles of river 

engineering according to the conditions of 

the study drainage basin and the 

implementation of structural plans for flood 

control, modification, and protection of the 

river course to stabilize the bed and control 

erosion, and improve and increase the 

capacity of drainage basins. 
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