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Abstract:  10 

Erosion and flood events can damage soils, water, quality, and sediment transportation, 11 

causing many cumulative hazards. In developing countries, such as Iran, the empirical 12 

models, which are low-cost procedures to mitigate the environmental hazards, are 13 

necessary to plan the watersheds. Hence, the main aim of this study is to evaluate 14 

erosion and flood susceptibility using empirical models of erosion potential method 15 

(EPM) and rational flood model (RFM) to prioritize the GIS-based prone zones in a 16 

catchment of the Kopet-Dagh Mountains. The results revealed that the heavy classes of 17 

erosion and flood susceptibility include 40.4-58.2% of the total study area, dominantly 18 

in the upstream catchments. The correlation test revealed a strong, significant, and direct 19 

association (R equal to 0.705) between W and Qp at the 99% confidence level. 20 

Consequently, the results of our research indicated the prioritization of the three sub-21 

catchments based on their slight sensitivity and susceptibility to occurrences of soil 22 

erosion and flood events through future spatial developments. Ultimately, the model 23 

validity explained the AUC (area under the curve) values averagely equal to 0.898 and 24 

0.917 for erosion and flood susceptibility evaluations (i.e., EPM and RFM), explaining 25 

the very good performance of the models and excellent sensitivities. 26 

Keywords: Erosion Potential Method (EPM), Rational Flood Model (RFM), 27 

Geographical Information System (GIS), Susceptibility Evaluation, Kopet-Dagh, Iran 28 

29 



1. Introduction 30 

Investigating the nature of the catchments and studying the drainage basin from many 31 

aspects such as flooding, erosion, and sedimentation have an important role in 32 

environmental planning (Brierley and Fryirs 2006, Ahmadi et al. 2020). Erosion and 33 

flood events can trigger damages to soils, water, quality, and sediment transportation, 34 

causing many cumulative hazards such as land creep and mudflow (Ebrahimi et al. 35 

2021). Evaluation of soil erosion and a flash flood is a planning procedure to combat the 36 

threats in each watershed (Pandey et al. 2007). Both soil erosion and floods cause 37 

billions of dollars of damage to natural resources and agriculture, particularly in 38 

developing countries, where agriculture is the foundation of their economy (Mosavi et 39 

al. 2020a). 40 

Floods are often accompanied by severe soil erosion and high sediment concentrations, 41 

leading to higher sediment load (Coppus and Imeson 2002, Dai and Lu 2010). Several 42 

studies have modeled the susceptibility evaluation and mapping for the flood hazard 43 

(e.g., Bui et al. 2018, Zhao et al. 2018a, Janizadeh et al. 2019, Hosseini et al. 2020, 44 

Pham et al. 2020) and soil erosion (e.g., Avand et al. 2019, Gayen et al. 2019, Moradi et 45 

al. 2019, Amiri and Pourghasemi 2020, Mosavi et al. 2020b). Susceptibility models 46 

significantly contribute to accurately identifying the prone zones to implement and 47 

develop watershed programs such as flood and soil erosion control (Azareh et al. 2019). 48 

Susceptibility evaluation attempts to provide insight for prevention, planning the 49 

mitigation actions, and adaptation to extremes to conserve land and water resources in 50 

the watersheds (Mosavi et al. 2020a). 51 

In this regard, the erosion susceptibility models are used to evaluate erosion-prone areas 52 

concerning land characteristics and the sedimentary potentials of the watersheds (Feng et 53 

al. 2010), where water conservation programs are proposed (Fox et al. 2006). Many 54 

empirical methods have been developed in the scale of the catchments to evaluate 55 

erosion the sedimentation (Noori et al. 2016), such as the universal soil loss equation 56 

(USLE) (Auerswald et al. 2014, Ebrahimi et al. 2021), revised or modified USLE 57 

(Baskan et al. 2010, Zhao et al. 2018b), water erosion prediction project (WEPP) (Singh 58 

et al. 2011, Srivastava et al. 2015), pacific southwest interagency committee (PSIAC) 59 

(Daneshvar and Bagherzadeh 2012, Bagherzadeh and Daneshvar 2013) and erosion 60 



potential method (EPM) (Bagherzadeh and Daneshvar 2011, Ahmadi et al. 2020). 61 

Among the abovementioned methods, the applicability of the EPM in analyzing erosion 62 

potential and spatial data manipulation in GIS is appropriate (Mohammadi et al. 2021). 63 

Besides, flood susceptibility models are the proper way to mitigate the human and 64 

economic damages (Tingsanchali 2012), utilizing the empirical and rational procedures 65 

(Su 2017), where the increasing trend flash floods are observed under the abrupt changes 66 

of the hydro-climatic condition (Huang et al. 2017, Ahmadi and Moradkhani 2019, 67 

Mihu-Pintilie et al. 2019). For this purpose, the rational flood models (RFM) belong to a 68 

group of hydrological models, which concludes the unit of analysis as an integrated 69 

value (Aja et al. 2020). 70 

The aforementioned empirical procedures, which are based on natural descriptors of the 71 

catchments, have advantages to research because of validation of the model estimations 72 

and fewer input-data parameters compared with the process-based models (Schoenau et 73 

al. 2008, Lazzari et al. 2015). In developing countries like Iran, direct erosion and flood 74 

measurement and analysis in the watersheds are very time-consuming and costly 75 

(Spalevic et al. 2020, Mohammadi et al. 2021). Therefore, the use of empirical models is 76 

very necessary to environmental plan the watersheds. Hence, the main aim of this study 77 

is to evaluate erosion and flood susceptibility using empirical models of EPM and RFM 78 

to prioritize the GIS-based prone zones in a catchment of the Kopet-Dagh Mountains. 79 

The study area has some natural and cultural touristic attractions and nowadays has been 80 

selected as the main destination of eco-tourism and recreation activities in northeastern 81 

Iran, particularly for Mashhad city. The important characteristic of the study area is its 82 

geological setting of limestone units and carbonate rocks, which are susceptible to 83 

erosion and flood events and have the most sensitivity regarding Karst and water 84 

dissolution (Ebrahimi et al. 2019). Hence, the present study should be exposed the prone 85 

zones of the study area for future spatial development plans. We anticipate that this 86 

research's output can be considered a low-cost procedure to mitigate the environmental 87 

hazards and losses caused by flood and erosion events.     88 

 89 



2. Geographical setting of the study area 90 

The Qarasu watershed with an area of 14.2 Km
2
 between latitudes 36°56΄-36°59΄ N and 91 

longitudes 59°39΄-59°43΄ E is located in the northern side of Kopet-Dagh Mountains, in 92 

Kalat region, northeastern Iran. On a regional scale, the Qarasu catchment and Kalat 93 

region, in the vicinity to the border of Turkmenistan and Iran, are the highland areas 94 

with many natural phenomena, including geo parks, reserves, eco heritages, and 95 

historical touristic sites (Ebrahimi et al. 2019).  Nowadays, it has been selected as the 96 

main destination of eco-tourism and recreation activities in northeastern Iran around 97 

Mashhad city (Fig. 1). From the natural viewpoint, the Kopet-Dagh Mountains are from 98 

a basin of sedimentary succession, which formed by the convergence of Central Iran and 99 

Eurasian plates following the Middle Triassic (Berberian and King 1981, Alavi et al. 100 

1997), and continuous sediment depositions took place from the Jurassic and Cretaceous 101 

(Mahboubi et al. 2006). According to the digital elevation model (DEM) data, the 102 

topographical elevation varies between 2500 m a.s.l at the south and 1000 m a.s.l at the 103 

north with >75% of the area >1400 m (Fig. 2). The semi-arid climate features the study 104 

area with a mean annual temperature of 13 °C and annual precipitation of 400 mm. The 105 

rainiest and driest seasons occur in March and August, with the mean precipitation of 106 

~50 and <5 mm, respectively. The catchment was divided into 14 homogeneous terrain 107 

units of sub-catchments based on the visual interpretation of satellite image and DEM 108 

data (Fig. 3). The surface area in the sub-catchments varies between 0.4 km
2
 (no. 11) 109 

and 1.8 km
2
 (no. 6). 110 

 111 

3. Data and methods 112 

3.1. Data preparation 113 

The required data for soil erosion and flood susceptibility evaluation were remotely 114 

obtained from some global datasets with spatial grid pixels and time series, focusing on 115 

the geographical coordination of the study area equal 36-37° N and 59-60° E. The 116 

geological data were extracted from the drawing sheets at the 1:100,000 scale via the 117 

Geological Survey of Iran (GSI 2015). Therefore, topographical layouts were derived 118 

from a global digital elevation model (DEM) via the National Aeronautics and Space 119 

Administration (NASA 2011). The soil units of the study area were extracted from the 120 



global soil-grid dataset via https://soilgrids.org, and land use types and covers were 121 

considered from the global land-use/ land-cover (LULC) database 122 

via https://lpdaac.usgs.gov, retrieved from satellite products in 2010. The time-series of 123 

daily-rainfall data was collected from the geospatial interactive online visualization and 124 

analysis infrastructure (GIOVANNI) program for 2016-2020 via 125 

https://giovanni.gsfc.nasa.gov. The aforementioned data were processed in GIS ver. 10.4 126 

and SPSS ver. 16.1 to produce the spatial layers and statistical attributes of the effective 127 

parameters of the EPM and RFM equations through the soil erosion and flood 128 

susceptibility evaluation. 129 

 130 

3.2. Erosion model 131 

The erosion potential method (EPM), which has been developed by Gavrilović (1988), 132 

can qualify the erosion severity and the total sediment yield in the catchments using 133 

some fundamental factors of the geology (rock and soil), topography (elevation and 134 

slope), climate (precipitation and temperature), and the land use types (Bagherzadeh and 135 

Daneshvar 2011). The model calculates the erosion coefficient (Z) in a catchment using 136 

the below Equation (Dragičević et al. 2018:  137 

)( IXYZ     (Eq. 1) 138 

Where Y is the soil erodibility coefficient based on the soil data, X is the soil protection 139 

coefficient based on the land use types, φ is the coefficient of the type of erosion 140 

processes based on the remotely sensed observation and surface geology, and I is the 141 

average slope gradient of the catchment (%). According to the method proposed by 142 

Gavrilović (1988), the coefficients of soil erodibility (Y) and soil protection (X), and 143 

type of erosion process (φ) could be considered using descriptive and numerical 144 

evaluations represented in Table 1, which have been illustrated by de Vente and Poesen 145 

(2005), Haghizadeh et al. (2009), and Dragičević et al. (2018). 146 

After that, the model can estimate the watershed sediment production (W) in cubic 147 

meters per year (m
3
/yr) using the below Equation (Dragičević et al. 2018, Berteni and 148 

Grossi 2020) 149 

: 150 

AZHTW
3     (Eq. 2) 151 

https://soilgrids.org/


Where T is the temperature coefficient (equal 1.18) that is calculated based on the mean 152 

annual temperature in the study area (13 °C) using follows (Berteni and Grossi 2020): 153 

0.1
10

t
T    (Eq. 3) 154 

Where H is the mean annual precipitation (400 mm), π is equal to 3.14, Z is the erosion 155 

coefficient calculated in Equation (1), and A is the study area (km
2
). Ultimately, the 156 

value of W can estimate the total production of soil erosion and sediment deposits in a 157 

watershed (Bagherzadeh and Daneshvar 2011).   158 

 159 

3.3. Flood model 160 

The rational flood model (RFM) is the empirical equations, which have been interpreted 161 

in several studies, e.g., Thompson (2006), Devi et al. (2019), and Cheah et al. (2019), to 162 

estimate the runoff coefficient and peak flood discharge using the land use and land 163 

terrain characteristics (Aja et al. 2020). The RFM is expressed by the below Equation 164 

(Parak and Pegram 2006):  165 

3.6APICRQp      (Eq. 4) 166 

Where Qp is the flood peak discharge in cubic meters per second (m3/s), RC is the 167 

runoff coefficient (unitless), PI is the precipitation intensity in millimeters per hour 168 

(mm/h) that is determined based on the time-series linear trend (Shanableh et al. 2018), 169 

and A is the catchment surface area in squared kilometers (km
2
). 170 

According to the precipitation data (2016-2020) and its coefficient of determination 171 

(R2>0.69), the mean annual precipitation of the region was estimated as 400 mm, and 172 

the maximum anomaly of hourly precipitation was obtained as 37.8 mm, which can be 173 

considered as precipitation intensity (PI) in the study area (Table 2). Furthermore, the 174 

runoff coefficient (RC) can be determined in each catchment by overlapping the 175 

aforementioned intensity classes of soil units, land-use/ land-cover types, rainfall rates, 176 

and slope ranges, which are shown in Table 3 (e.g., Mousavi et al. 2019, Aja et al. 177 

2020). For this purpose, the land cover, slope range, and soil unit layers are surveyed in 178 

each catchment in GIS using the Zonal Statistics extension to estimate a real RC value, 179 

which is the important parameter for flood control projects (Zeinali et al. 2019) 180 

 181 



4. Results and Discussion 182 

4.1. Description of the environmental parameters  183 

The geological surface of the study region is covered mainly by limestone formation and 184 

lime members (>75%), such as dolomite and lime-shale, and lime-sandstone (Fig. 4). 185 

The oldest rock units observed at the study area are Jurassic dolomites of the Mozduran 186 

formation (in the sub-catchments 2, 3, 4, 5, 6, and 8), and the youngest are the 187 

Cretaceous aged formation of Atamir and Abderaz (in the sub-catchments 13 and 14) 188 

(GSI 2015). The catchment has been suffered by anticline and fault lines, formed mainly 189 

by alternations between lime-sandstone of Shurijeh and dolomite rock of Mozduran 190 

(such as Istisu fault transferred from the middle part of the catchment). The network of 191 

junctions on carbonate rocks with high porosity, such as Karst shafts and waterfalls over 192 

Tirgan formation, are surveyed in sub-catchment 9. Karst valleys in the eastern part of 193 

Kopet-Dagh, such as the Kalat region, are combined with layers of lime members 194 

(Daneshvar et al. 2014). 195 

The general physiographic trend of the catchment extends in the southwestern-196 

northeastern direction with an average of 8.5 Km length from the upstream to 197 

downstream, and the slope classes over 15% are covered >75% of the total area (Fig. 5). 198 

The main soil units (based on global soil grids) are classified into Mollisols and 199 

Inceptisols (in the elevations with permeable units of sandy loams) and Entisols (in the 200 

downstream with the impervious texture of clay loams) (Fig. 6). Land covers are 201 

categorized as the forest of Junipers (~38% of the catchment in the upstream), bare land 202 

of rock faces (~31% of the catchment in the upstream), pasture land of Artemisia and 203 

Agropyron (~23% of the catchment in the middle parts), and farmland of dry farming 204 

(~8% of the catchment in the downstream) (Fig. 7). Data-layer values for different 205 

classes of the environmental parameters in the study area are shown in Table 4.   206 

 207 

4.2. Estimation of the EPM   208 

The mean values of the erosion parameters and coefficients of the EPM model were 209 

estimated for each sub-catchment in Table 5, including surface area (A), slope gradient 210 

(I), soil protection coefficient (X), soil erodibility coefficient (Y), erosion coefficient (Z), 211 

and type of erosion processes (φ). The mean value of slope range in the study area was 212 



calculated 14%, where the highest and the lowest values, with 24% and 4%, belong to 213 

sub-catchments 5 and 14, respectively. The most values of soil protection coefficient 214 

(X=0.8: bare land covers) were determined for sub-catchments in the upstream (over 215 

1400 m a.s.l), while the most values of soil erodibility coefficient (Y=1.3: shale and marl 216 

landforms) and type of erosion processes (φ=0.8: gully and surface erosion) were 217 

verified for sub-catchments in the downstream (below 1400 m a.s.l). Besides, the values 218 

of erosion coefficient and watershed sediment production (W) were estimated for the 219 

study sub-catchments, revealing the very highest erosion coefficient and sedimentation 220 

production (Z>1.5 and W>3000 m
3
/year) for sub-catchments 4, 5, and 7. Theoretically, 221 

the mentioned erosion coefficient and sedimentation production are categorized as 222 

severe and excessive erosion potential (Dragičević et al. 2018).  223 

The erosion susceptibility model was categorized in Fig. 8 through heavy, moderate, and 224 

slight classes. The heavy class of erosion susceptibility (with sediment production of 225 

2127-4529 m
3
 per year) belongs to seven catchments with 58.2% of the total study area. 226 

The moderate and slight classes of erosion susceptibility (with sediment production of 227 

1103-2048 and 309-882 m
3
 per year) belong to seven catchments with 19.0% and 22.8% 228 

of the total study area, respectively. The mean value of sediment production in all sub-229 

catchments is estimated to equal 2120 m
3
 per year (Table 6).  230 

 231 

4.3. Estimation of the RFM  232 

Same as the erosion model, the mean values of the flood parameters and coefficients of 233 

the RFM model were estimated for each sub-catchment in Table 7, including surface 234 

area (A), runoff coefficient (RC), and precipitation intensity (PI). The mean value of the 235 

runoff coefficient was calculated at 0.35, where the highest and the lowest values, with 236 

0.65 and 0.15, belong to sub-catchments 5 and 12, respectively. The most values of the 237 

runoff coefficient (RC>0.5) were determined for sub-catchments in the upstream (over 238 

1400 m a.s.l), which have the highest slope ranges and rock outcrops over the hard 239 

dolomite landforms.  240 

In this regard, the values of flood peak discharge (Qp) were estimated for the study sub-241 

catchments, revealing the very highest flood discharge (>75 m
3
/s) for sub-catchments 4, 242 

5, 6, and 7. On this basis, the flood susceptibility model was categorized in Fig. 9 243 



through three classes of heavy, moderate, and slight. The heavy class of flood 244 

susceptibility (with a discharge of 84.37-141.52 m
3
 per second) belongs to four 245 

catchments with 40.4% of the total study area. The moderate and slight classes of flood 246 

susceptibility (with a peak discharge of 25.86-65.99 and 8.57-23.81 and m
3
 per year) 247 

belong to seven catchments with 44.3% and 15.3% of the total study area, respectively. 248 

The mean value of flood peak discharge in all sub-catchments is estimated to equal 249 

53.92 m
3
 per second (Table 8).  250 

 251 

4.4. Discussion on the susceptibility evaluation models 252 

The statistical results revealed that the heavy classes of erosion and flood susceptibility 253 

(with sediment production of 2127-4529 m
3
 per year and flood discharge of 84.37-254 

141.52 m
3
 per second) includes 40.4-58.2% of the total study area dominantly in the 255 

upstream sub-catchments of the Qarasu catchment. Based on the spatial survey, the 256 

heaviest flood discharge and erosion potential prone zones are observed corresponding 257 

on the Mozduran and Shurijeh formations composed mainly of dolomite, limestone, and 258 

shale on the bare landforms and steep slopes. This result is accordant with the previous 259 

works investigating the erosion susceptibility in the other catchments of the Kopet-dagh, 260 

such as Bagherzadeh and Daneshvar (2011). In the vice versa, areas with the slight flood 261 

discharge and erosion potential classes are observed in the sub-catchments, which have 262 

been covered fully by forest or dense pastureland without relevant relation with rock and 263 

soil units.  264 

The similar distribution of heavy and slight susceptibilities of flood and erosion models 265 

in the study area can be examined by correlation test to reveal possible relationships. In 266 

this regard, a correlation test using the Pearson test (p<0.05) was assumed to analyze the 267 

relationships between EPM and RFM outputs (watershed sediment production: W and 268 

flood peak discharge: Qp). The correlation analysis was carried out based on the models' 269 

output in 14 sub-catchments. Table 9 revealed a strong, significant, and direct 270 

association (R equal to 0.705) between W and Qp at the 99% confidence level. Hence, 271 

the flood and erosion susceptibility evaluations demonstrated the study area's co-related 272 

spatial and statistical outcomes. In the mountainous catchments, higher flood peaks and 273 

runoff flow can indicate the high erosion and sediment yield transportation (Dragičević 274 



et al. 2019). Consequently, the results of our research can indicate the prioritization of 275 

the sub-catchments based on their sensitivity and susceptibility to occurrences of soil 276 

erosion and flood events. Hence, the study area's sub-catchments of 8, 12, and 14 can be 277 

considered low susceptible zones against the flood and erosion hazards.  278 

 279 

4.5. Validation of the models  280 

In recent researches, the cumulative amounts for each erosion and flood susceptibility 281 

have exposed the susceptible zones in the downstream part of the watersheds (e.g., 282 

Dodangeh et al. 2020, Hosseini et al. 2020, Mosavi et al. 2020a). However, our study 283 

assumes the susceptibility of each sub-catchment independently to reveal the important 284 

role of runoff coefficient (RC) and erosion coefficient (Z) in the flood and erosion 285 

susceptibility evaluation. The RC value is an important parameter in flood discharge 286 

estimation, and high RC is associated with high flood discharge and susceptibility (Hung 287 

et al. 2018, Zeinali et al. 2019). Meanwhile, the Z value is the main model equation that 288 

gives numerical and descriptive information about the susceptibility of a given area to 289 

erosion processes (Dragičević et al. 2018). These parameters can essentially represent 290 

the actual state of the study region toward the model variable test, which can be used in 291 

the model validation procedure, namely the receiver operating characteristic curve 292 

(ROC-curve). In this section, the ROC-curves for both susceptibility models were 293 

produced in Fig. 10. The model validity explained the AUC (area under the curve) 294 

values averagely equal to 0.898 and 0.917 for erosion and flood susceptibility evaluation 295 

(i.e., EPM and RFM), explaining the models' very good performance and excellent 296 

performance sensitivities.  297 

 298 

5. Conclusion 299 

The main aim of this study was to evaluate erosion and flood susceptibility using 300 

empirical models of EPM and RFM to prioritize the GIS-based prone zones in a 301 

catchment of the Kopet-Dagh Mountains. The required soil erosion and flood 302 

susceptibility evaluation data were obtained from some global datasets with spatial grid 303 

pixels and time series. The important characteristic of the study area was its geological 304 

setting of limestone units and carbonate rocks, which were susceptible to erosion and 305 



flood events. The results revealed that the heavy classes of erosion and flood 306 

susceptibility (with sediment production of 2127-4529 m
3
 per year and flood discharge 307 

of 84.37-141.52 m
3
 per second) includes 40.4-58.2% of the total study area dominantly 308 

in the upstream catchments. The similar distribution of heavy and slight susceptibilities 309 

of flood and erosion models in the study area was examined by correlation test, exposing 310 

a strong, significant, and direct association (R equal to 0.705) between W and Qp at the 311 

99% confidence level. Therefore, the present study assumed the susceptibility of each 312 

sub-catchment independently to reveal the important role of runoff coefficient (RC) and 313 

erosion coefficient (Z) in the flood and erosion susceptibility evaluation. These 314 

parameters were represented as the actual state of the study region toward the model 315 

variable test to validate the models using ROC-curve. The model validity explained the 316 

AUC (area under the curve) values averagely equal to 0.898 and 0.917 for erosion and 317 

flood susceptibility evaluations (i.e., EPM and RFM), explaining the models' very good 318 

performance and excellent performance sensitivities. 319 

The practical implication of this research depends on prioritizing susceptible zones for 320 

spatial development and tourism plans of the study area by providing proper 321 

environmental insight for their managers, planners, investors, and stockholders. 322 

Meanwhile, the theoretical implication of the research is to provide more interpretations 323 

for EPM and RFM models for localizing and generalizing the equations and coefficients 324 

in future studies. Further research can be carried out based on the combination of other 325 

environmental hazards, such as earthquakes and landslides and flood and soil erosion, in 326 

the susceptibility evaluation models of the watersheds. Some studies have shown a 327 

significant relationship between land-use change, flash floods, and soil erosion (Ferreira 328 

et al. 2015, Mohammadi et al. 2021). Hence, future researches can consider the role of 329 

land-use changes in the erosion and flood susceptibility evaluation within the time 330 

series.  331 
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 517 

Table 1: Descriptive and numerical evaluation for the erosion parameters 518 

Value Parameters and classes 

 Soil protection (X) 

0.2 Forest 

0.4 Pasture land 

0.6 Farm land 

0.8 Bare land 

 Soil erodibility (Y) 

0.4 Dolomite 

0.6 Limestone 

0.8 Sandstone 

1.0 Conglomerate 

1.3 Shale and marl 

1.8 Loess deposits 

 Type of erosion (φ) 

0.2 Hard rocks 

0.5 Karstic erosion 

0.8 Gully and surface erosion  
 519 

 520 

Table 2: Rainfall data in the study area (2016-2020)  521 

Year 
Mean annual 

(mm) 

Max. hourly 

(mm/h) 

2016 414.8 25.2 

2017 241.0 14.2 

2018 507.6 50.8 

2019 453.1 56.8 

2020 391.1 42.2 

Mean 401.5 37.8 

 522 

 523 

Table 3: Determination of the runoff coefficients (RC) in the catchments based on the 524 

land covers, soil units and slope ranges  525 

 

 

Soil units 

Soil units 

Permeable (Molli and Inceptisols) Impervious (Entisols) 

Slope < 5% 5-15% > 15% Slope < 5% 5-15% > 15% 

Forest 0.10 0.15 0.20 0.20 0.25 0.30 

Pasture  0.15 0.20 0.25 0.25 0.30 0.40 

Farm  0.30 0.40 0.55 0.60 0.70 0.75 

Bare  0.50 0.55 0.65 0.65 0.70 0.75 

 526 

527 



 528 

Table 4: Data-layer values for different classes of the environmental parameters in the 529 

study area 530 

Total area 
Parameters and classes 

(%) (km
2
) 

  Elevation (m) 

9.92 1.41 1000-1200 

13.50 1.92 1200-1400 

33.19 4.72 1400-1700 

25.67 3.65 1700-2000 

17.72 2.52 2000-2500 

  Slope (%) 

22.15 3.15 0-5 

28.97 4.12 5-15 

48.87 6.95 >15 

  Geology (formations) 

52.39 7.45 Dolomite and hard limestone (Mozduran: Jmz) 

9.56 1.36 Lime and sandstone (Shurijeh: Ksh) 

10.69 1.52 Thick bedded limestone (Tirgan: Kt) 

8.72 1.24 Shale and marl (Sarcheshmeh: Ksr) 

6.89 0.98 Shale and siltstone (Sanganeh: Ksn) 

7.17 1.02 Lime and conglomerate (Atamir: Kat) 

4.57 0.65 Lime and shale (Abderaz: Kad) 

  Land cover (types) 

38.05 5.41 Forest 

22.78 3.24 Pasture land 

7.95 1.13 Farm land 

31.22 4.44 Bare land 

  Soil (units) 

10.20 1.45 Entisols 

39.80 5.66 Inceptisols 

50.00 7.11 Mollisols 

 531 

532 



 533 

Table 5: Estimation of the parameters of the EPM in the sub-catchments, including 534 

surface area (A), slope gradient (I), soil protection coefficient (X), soil erodibility 535 

coefficient (Y), erosion coefficient (Z), type of erosion processes (φ), and watershed 536 

sediment production (W) 537 

Sub-catchment 
A 

(km
2
) 

I 

(%) 

X 

(-) 

Y 

(-) 

Z 

(-) 

φ 

(-) 

W  

(m
3
/s) 

1 1.06 14 0.4 0.7 1.15 0.4 1932 

2 1.47 16 0.2 0.5 0.44 0.4 632 

3 0.78 20 0.8 0.4 1.50 0.2 2127 

4 1.60 20 0.8 0.4 1.54 0.3 4529 

5 1.05 24 0.8 0.4 1.66 0.3 3330 

6 1.85 18 0.5 0.4 0.88 0.2 2276 

7 1.24 18 0.5 0.7 1.61 0.4 3749 

8 0.72 16 0.2 0.5 0.44 0.4 309 

9 1.22 12 0.3 0.6 0.72 0.5 1103 

10 0.95 12 0.3 1.3 1.64 0.7 2957 

11 0.42 8 0.5 1.3 2.21 0.6 2048 

12 0.55 4 0.3 1.3 1.05 0.7 880 

13 0.82 8 0.5 1.0 1.80 0.8 2929 

14 0.50 4 0.4 1.0 1.12 0.8 882 

 538 

 539 

Table 6: Soil erosion susceptibility classifications in the study area 540 

% of total area Area (Km
2
) 

No. of 

sub-catchment 

Susceptibility 

classes 

22.8 3.24 4 Slight 

19.0 2.70 3 Moderate 

58.2 8.28 7 Heavy 

100 14.22 14 Total 

 541 

 542 

543 



 544 

Table 7: Estimation of the parameters of the RFM in the sub-catchments, including 545 

surface area (A), runoff coefficient (RC), precipitation intensity (PI), and flood peak 546 

discharge (Qp) 547 

Sub-catchment 
A 

(km
2
) 

RC 

(-) 

PI 

(mm/h) 

Qp 

(m
3
/s) 

1 1.06 0.2 37.8 28.85 

2 1.47 0.2 37.8 40.01 

3 0.78 0.65 37.8 68.99 

4 1.60 0.65 37.8 141.52 

5 1.05 0.65 37.8 92.87 

6 1.85 0.5 37.8 125.87 

7 1.24 0.5 37.8 84.37 

8 0.72 0.2 37.8 19.6 

9 1.22 0.2 37.8 33.2 

10 0.95 0.2 37.8 25.86 

11 0.42 0.15 37.8 8.57 

12 0.55 0.15 37.8 11.23 

13 0.82 0.45 37.8 50.21 

14 0.50 0.35 37.8 23.81 

 548 

 549 

 550 

Table 8: Flood susceptibility classifications in the study area 551 

% of total area Area (Km
2
) 

No. of 

sub-catchment 

Susceptibility 

classes 

15.3 2.18 4 Slight 

44.3 6.30 6 Moderate 

40.4 5.74 4 Heavy 

100 14.22 14 Total 

 552 

553 



 554 

Table 9: Correlation between outcomes of erosion (watershed sediment production: W) 555 

and flood (flood peak discharge: Qp) susceptibilities in 14 sub-catchments of the study 556 

area 557 

Outcome Statistical test 
Qp 

(RFM model) 

W 

(EPM model) 

Pearson Correlation (R) 0.705 

R
2
 0.497 

Sig.  0.005 

N. 14 

 558 

559 



 560 

 561 

Fig. 1: Geographical position of the study area  562 

563 



 564 

Fig. 2: Elevation classes map, including E1: 1000-1200 m, E2: 1200-1400 m, E3: 1400-565 

1700 m, E4: 1700-2000 m, and E5: 2000-2500 m  566 

 567 

 568 

Fig. 3: Sub-catchments of the study area based on the satellite image (Google Erath) 569 



 570 

Fig. 4: Geological map, including Jmz: Mozduran, Ksh: Shurijeh, Kt: Tirgan, Ksr: 571 

Sarcheshmeh, Ksn: Sanganeh, Kat: Atamir, Kad: Abderaz, Kab: Abtalkh, Ql: Loess 572 

 573 

 574 

Fig. 5 Slope ranges map, including S1: <5%, S2: 5-15%, and S3: >15%  575 

576 



 577 

Fig. 6: Soil units map, including mollisols, inceptisols, and entisols 578 

 579 

 580 

Fig. 7: Land covers map, including forest of Junipers, pasture land of Artemisia and 581 

Agropyron, farmland of dry farming, and bare land of rock faces  582 

583 



 584 

Fig. 8: Erosion susceptibility evaluation map  585 

 586 

 587 

Fig. 9: Flood susceptibility evaluation map  588 

589 



 590 

Fig. 10: ROC-curve of the susceptibility models for a. soil erosion susceptibility and b. 591 

flood susceptibility  592 
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