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Abstract
Identifying and assessing erosion-prone areas in Iran's watersheds are crucial due to the annual loss of thousands of tons of 
fertile soil. This comparative study examined the qualitative Fargas and Institute for the Conservation of the Nature (ICONA) 
models against the quantitative Erosion Potential Method (EPM) model for assessing soil erosion risk in the Chehelgazi 
watershed, a sub-basin of Qeshlaq Dam in Sanandaj. The study extracted 380 random points from model predictions and 
used statistical methods to evaluate qualitative models against EPM as the reference. Results showed significant convergence 
in identifying high-risk erosion areas despite model structural differences, with the Fargas and ICONA models demonstrat-
ing 77.26% and 82.15% agreement with EPM, respectively, in the very high-risk category, confirming their reliability in 
assessing severe erosion risks. Analysis of the erosion risk maps produced by the models revealed that, based on the pre-
dicted areas by each model, 63–87% of the study area faces a high-to-very high-erosion risk, emphasizing the importance of 
multiple approaches in soil erosion management. These results underscore the importance of adopting multiple approaches 
to manage and control soil erosion. The recommendations of this study included developing artificial intelligence-enhanced 
integrated models, conducting comparative studies in watersheds with diverse geomorphological features, and examining the 
model’s sensitivity to environmental variables to enhance the identification and evaluation of erosion-prone areas. This study, 
emphasizing comparative analysis, provides a framework for the scientific application of qualitative models and represents 
an effective step toward comprehensive soil erosion management. The findings can inform soil conservation strategies and 
management programs by providing accurate assessments for researchers and land managers.
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1  Introduction

Soil erosion refers to the gradual detachment and removal of 
soil particles by agents such as wind or water (Maity & Man-
dal, 2019). Water is the most common erosion agent, which 
erodes soil through raindrop impact and flow dynamics 
(Jebur et al., 2014). Water-induced erosion is a natural pro-
cess that depletes soil quality, reduces productivity, and con-
tributes to river pollution and sedimentation (Khosrokhani 
& Pradhan, 2014). Globally, soil erosion rates exceed soil 
formation rates, posing a threat to food security and envi-
ronmental quality (Spalević et al., 2013). If soil formation 
rates do not exceed erosion rates, it threatens long-term soil 
productivity (Hembram & Saha, 2020). Soil erosion is fore-
seen to intensify due to climate change (Amore et al., 2004). 
However, population pressure and the overexploitation of 
natural resources will further challenge efficient water 
and land management (Jena et al., 2015). Soil erosion has 
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become a major problem due to land degradation, increased 
agricultural production, and other human impacts (Dutta 
et al., 2025). Therefore, identifying critical erosion-prone 
areas at the watershed scale, thus providing prerequisite 
information for effective watershed management (Kavian 
et al., 2024), and utilizing appropriate models for soil ero-
sion assessment and prediction are crucial soil conserva-
tion strategies (Borrelli et al., 2021; de Vente & Poesen, 
2005; Keller et al., 2021; Laflen & Flanagan, 2013; Singh 
& Panda, 2017). Multiple methods have been employed for 
soil erosion prediction, assessment, and planning for protec-
tion (de Vente & Poesen, 2005); among these approaches, 
qualitative evaluation models can play a significant role in 
determining erosion-related priorities and assessing erosion 
sensitivity (Esmaeili Gholzom et al., 2020). The Fargas and 
ICONA (Institute for the Conservation of the Nature) models 
are prominent qualitative approaches for assessing erosion 
risk. The Fargas model was invented and presented by Far-
gas and colleagues in 1997 (Fargas et al., 1997). The quali-
tative ICONA model has been utilized by European Union 
countries and several Mediterranean countries, including 
Turkey, Tunisia, Syria, and Egypt, for assessing soil ero-
sion risk and mapping (Bayramin et al., 2003). A distinctive 
feature of qualitative models is their low data and informa-
tion requirements; consequently, qualitative models enable 
the identification of erosion risk areas in watersheds even 
without comprehensive information. However, researchers' 
occasional lack of confidence in the predictive results of 
qualitative models often limits their application. Therefore, 
this necessitates comparative studies with quantitative mod-
els. Despite the widespread application of existing models 
for identifying erosion-prone areas, significant gaps remain 
in comparing the qualitative results of these models with 
those of quantitative models. Most studies in various coun-
tries tend to favor quantitative models (Aga & Melesse, 
2024; Bedada, 2025; Gelal et al., 2024; Kundu et al., 2024; 
Nigussie et al., 2025), while fewer studies have focused on 
applying and evaluating the results of qualitative models. 
For example:

Jetten et al. (2003) investigated the spatial quality of soil 
erosion models. Their study demonstrated that distributed 
models provide more accurate spatial information, and 
model performance improvement depends on more precise 
calibration with spatial data and a focus on key processes.

Salajeqeh and Delfari (2007) examined two models—
geomorphological and Erosion Potential Method (EPM)—
with qualitative and quantitative results, respectively, to 
estimate erosion in the Taleghan watershed. Their findings 
demonstrated that the Geomorphological model provides 
more accurate results due to its consideration of additional 
factors.

Sonneveld et al. (2011) investigated three water erosion 
models in Ethiopia. They concluded that the Universal Soil 

Loss Equation (USLE) model performed well in low-erosion 
areas but faced limitations in data availability. Additionally, 
the Expert model was deemed suitable for national-scale 
assessments based on the provided qualitative results. While 
the Accessible Data (AccDat) model yielded highly accurate 
predictions despite its weak empirical foundations. Conse-
quently, the study recommended combining these models 
for a more effective national-scale assessment of erosion.

Li et al. (2017) compared 11 soil erosion models. Their 
results indicated that model complexity does not necessar-
ily lead to increased prediction accuracy. They stated that 
empirical models are useful for rapidly assessing soil erosion 
rates and sediment yield in a region. In contrast, process-
based models are applicable for more precise evaluation of 
soil erosion, determination of sediment sources and sinks, 
and scenario analysis.

Bayat et al. (2020) evaluated the accuracy of water ero-
sion maps generated by EPM, Modified Pacific South-West 
Inter-Agency Committee (MPSIAC), and Bureau of Land 
Management (BLM) models in the Shahriari watershed 
of Iran. Their study results demonstrated that the erosion 
classes of the MPSIAC model showed better agreement with 
those of the BLM model.

Elbadaoui et al. (2023) assessed the rate and intensity of 
water erosion in Morocco using EPM and Priority Action 
Programme/Regional Activity Centre (PAP/RAC) models. 
Their findings indicated that the quantitative EPM model can 
be utilized to design effective erosion control measures. In 
contrast, the qualitative PAP/RAC model can be employed to 
develop a comprehensive strategy for sustainable watershed 
management.

Despite the widespread application of erosion models, a 
few studies have systematically evaluated qualitative models 
against quantitative benchmarks. This study addresses the 
gap by assessing and analyzing the Fargas and ICONA quali-
tative soil erosion models in comparison to the quantitative 
EPM model results through a comparative approach. By 
examining the degree of compatibility between these mod-
els and the EPM model, we can identify their differences, 
strengths, and weaknesses through a suite of performance 
indicators. In this method, the results of the quantitative 
EPM model serve as a reference for analyzing the structure 
and outputs of qualitative models. The primary objective 
of this research is to provide a precise and comprehensive 
evaluation of the similarities and differences between the 
Fargas and ICONA models, as well as the EPM model, to 
better understand their performance in assessing soil ero-
sion risk. This approach, which emphasizes comparative 
model analysis, addresses the existing needs in qualitative 
model analysis and facilitates a more scientific application of 
these models in soil erosion management and control. Such 
integration could lead to hybrid frameworks that enhance 
the reliability and adaptability of erosion risk models. This 
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3 � Materials and methods

3.1 � Fargas model

The qualitative Fargas model was developed and presented 
by Fargas et al. (1997). This model was selected due to its 
minimal input requirements for initial erosion risk assess-
ment, making it a suitable qualitative model for water-
sheds lacking comprehensive data. The model is based 
on two primary factors: lithology and drainage density, 
which have been recognized as fundamental indicators of 
erosion potential across diverse landscapes. The following 
are the steps for running the Fargas model;

I. Determining the erodibility index of the watershed 
basin based on lithological units (Table 1). This hard-
ness index reflects the resistance of different rock types 
to erosion processes, with lower values indicating greater 
resistance.

II. Assessing the drainage density per lithological 
unit (Table 2). Drainage density data were derived from 
1:50,000 topographic maps and verified through ArcGIS 
analysis of digital elevation models (DEM). This param-
eter provides valuable insights into the landscape's hydro-
logical characteristics that influence erosion.

III. Examining the erosion risk through a value coef-
ficient (Table 3). The valuation coefficient represents the 

potential for erosion and is calculated as the product of 
the rock erosion resistance value (Hardness) multiplied 
by the drainage density value per lithological unit. This 
coefficient serves as a basis for risk classification.

3.2 � ICONA model

In 1998, the Spanish Scientific Nature Conservation Asso-
ciation presented the ICONA model (Griesbach et al., 1998). 
The operational framework of the ICONA model is struc-
tured into a three-stage process comprising seven distinct 
steps outlined as follows: in stage 1, the slope map (derived 
from a 30-m digital elevation model) and lithological maps 
(derived from the region's lithological map) are prepared. 
Subsequently, the erodibility map is generated by integrat-
ing slope and lithological maps. Stage 2 involves creating 
a land-use map (derived from detailed watershed studies) 
and a vegetation cover map (derived from Landsat 9 satel-
lite imagery) and then integrating these two maps to gener-
ate the soil conservation map. Finally, stage 3 entails the 
generation of an erosion risk map. Generating the erosion 
risk map using the ICONA model comprises a classification 
process based on the ICONA approach for each intermediate 
map created throughout the process (Nainiva & Parichereh, 
2022). Tables 4, 5, 6, 7, 8, 9, 10 represent the stepwise clas-
sification scheme.

Table 1   Rock erosion resistance 
index (Fargas et al., 1997)

Rock resistance class Rock type Hardness index

Very hard rocks Basic and intermediate volcanic rocks 0–2
Acid rocks 0–5
Metamorphic rocks 2–4
Hardened sandstones 4–5

Hard to soft rocks Brittle limestone 3–4
Dolomites 3–5
Disaggregated shale rocks 7–8
Shale plastistone rocks 6–7
Marl and gypsum clay 8–10

Friable rocks Old alluvial 4–8
Young alluvial 7–9

Table 2   Evaluation of drainage density (Fargas et al., 1997)

Class Erosion degree Drainage density
 (km/km2)

Relative value

1 Low  < 0.1 2
2 Moderate 0.1- < 0.5 4
3 High 0.5- < 1 6
4 Severe 1- < 2 8
5 Very severe  > 2 10

Table 3   Erosion and sedimentation risk classification criteria (Fargas 
et al., 1997)

Classification Risk level Relative value

1 Low  < 10
2 Moderate 10–20
3 High 20–30
4 Severe 30–40
5 Very severe  > 40
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3.3 � EPM model

The Erosion Potential Method (EPM) was first introduced by 
Gavrilovic in Yugoslavia in 1988 (Shahabi et al., 2016). This 
model can be used to estimate annual sediment and deter-
mine the total erosion intensity of a basin (Gavrilovic, 1988). 
This model estimates the average soil loss by considering 
variables and coefficients that represent the soil's physical 
characteristics, land use and land management, temperature, 
precipitation, slope, erosion resistance, and observed ero-
sion within the basin (Sakuno et al., 2020). The operational 
structure of the model comprises four main stages and eight 
steps executed as follows (Nainiva & Satarvand, 2023):

Stage 1 consists of preparing the soil erosion coefficient 
map (observational), the rock and soil sensitivity coefficient 
map, the slope coefficient map, the land-use coefficient map, 
and the erosion intensity coefficient map. Stage 2 includes 
creating the temperature coefficient map. The annual aver-
age erosion map is prepared in stage 3. And finally, stage 4 
includes preparing the total erosion map of the basin. The 
EPM guidelines provide detailed instructions on deriving 
each coefficient within these stages.

3.3.1 � Rock and soil susceptibility coefficient (Y)

In the EPM model, evaluating the susceptibility of rocks in 
the study region is essential while estimating erosion and 
sediment yield. After the lithological unit map of the study 
region is prepared from geological maps, each lithological 
unit is evaluated according to Table 11, and the soil and rock 
susceptibility coefficients to erosion are determined based 
on their type.

3.3.2 � Land‑use coefficient (Xa)

The land-use coefficient is determined based on the land-use 
type, referencing the land-use map derived from its detailed 
area study and calculated using Table 12.

3.3.3 � Observed soil erosion coefficient (Ψ)

This coefficient is a qualitative assessment of the apparent 
level of soil erodibility within a watershed basin. It is deter-
mined through field surveys, Google Earth imagery, and 
guidelines presented in Table 13.

3.3.4 � Slope coefficient (I)

A digital elevation model (DEM) with a 30-m resolution, 
obtained from the Google Earth Engine SRTM Digital Ele-
vation product, is first utilized to generate a slope map cover-
ing the study region. Subsequently, a value is assigned per 
slope class based on Table 14 to create the slope coefficient 
map (Shahabi et al., 2016).

Table 4   Slope map classification scheme (Griesbach et al., 1998)

Class Slope (%) Class index

Very low 0–3 1
Low 3–12 2
Moderate 12–20 3
High 20–35 4
Very high More than 35 5

Table 5   Lithology units 
mapping classification scheme 
(Griesbach et al., 1998)

Class Type of rock formation

1 Sandstone and light quartz–limestone–red sandstones–basaltic lava formations
2 Acidic tuffs–tertiary limestone–andesitic lava–black sandstones
3 Conglomerate–coarse sandstones–intrusive basaltic tuffs–agglomerates
4 Dark tuffs–old terraces–dark silt–fine-grained conglomerate
5 Quaternary lava–alluvial deposits–gypsum–silt–flood plains–marl–alluvial terraces–talus

Table 6   Land-use mapping classification scheme (Griesbach et  al., 
1998)

Land-use type Class Class index

Rainfed farming Very low 1
Irrigated cultivation Low 2
Forest (orchard) Moderate 3
Pasture High 4
Rock Very High 5

Table 7   Classification scheme of vegetation map (Griesbach et  al., 
1998)

Coverage percentage Class Class index

Less than 25% Very low 1
25–50% Low 2
50–75% Moderate 3
More than 75% High 4
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where Wsp represents average annual gross soil erosion (m3.
km−2.yr−1), T is the temperature coefficient, P is the mean 
precipitation (mm), π is the constant ≈ 3.14, and Z is the 
erosion intensity coefficient.

3.4 � Selection of random points

To conduct a comparative evaluation and analyze the predic-
tive outcomes of various models, several random points were 
selected within the study region using Cochran's statistical 
method. Cochran's formula is typically used for both known 
(finite) and unknown (infinite) statistical populations. The 
Cochran formula for both an infinite and finite population is 
expressed in Eqs. (4) and (5)

(4)�� �
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��

(5)�� �
��

� � ����
�

�

Table 12   Land-use coefficient 
in the EPM model

Land-use conditions Average values

Non-arable and barren lands 1
Hilly lands and plowed fields for agriculture 0.9
Fruit orchards, vineyards without pasture vegetation cover 0.8
Plowed croplands on contour lines 0.7
Degraded and eroded forests and shrublands created on eroded soils 0.6
Dry mountainous pastures 0.5
Permanent farms and alfalfa fields 0.4
Drained pastures covered with grasses 0.3
Well-established forests on steep slopes 0.2
Well-established forests on gentle slopes 0.1

Table 13   Observed erosion coefficient in the EPM model

Erosion conditions of the watershed Average values

The area has numerous gullies and severe erosion 1
Approximately 80% of the area has gully and rill erosion 0.9
Approximately 50% of the area has gully and rill erosion 0.8
The entire area has surface erosion, sediments, and debris, with a small amount of gully and rill erosion 0.7
The entire area has surface erosion but no signs of deep erosion (gullies, rills, and debris) 0.6
50% of the area has surface erosion, and the rest is unaffected 0.5
20% of the area has surface erosion, and the rest is unaffected 0.4
The land surface shows no visible erosion, but debris and landslides are observed near rivers 0.3
The land surface shows no visible erosion and is mainly covered by crops 0.2
The land surface shows no visible erosion and is mainly covered by forests and permanent vegetation 0.1

Table 14   Slope coefficient in 
the EPM model (Shahabi et al., 
2016)

Slope class (%) Coefficient

0 to 10 0.05
10 to 20 0.075
20 to 30 0.150
30 to 40 0.2
40 to 50 0.35
50 <  0.4

Table 15   Erosion intensity classification in the EPM model 
(Gavrilovic, 1988)

Erosion class Erosion intensity Z range Average Z value

V Very high Z > 1 1.25
IV High 0.71 < Z < 1 0.85
III Moderate 0.41 < Z < 0.7 0.55
II Low 0.2 < Z < 0.4 0.3
I Very low Z < 0.19 0.1
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where n0 is the sample size, Z is the area under the accept-
ance region in a normal distribution (1 − �), d represents 
the desired level of precision, p is the estimated proportion 
of a characteristic in the population, q equals 1 − p, and N 
denotes the population size (Nanjundeswaraswamy & Diva-
kar, 2021).

In the current study, considering the watershed basin area 
(per hectare) as the statistical population size and exerting 
Cochran's equations, the number of random points was 
determined to be 380. Additionally, the random points were 
spatially distributed within the Chehelgazi watershed bound-
ary using the 'Create Random Points' tool in ArcGIS. Subse-
quently, considering the value of each point, the predictive 
results of each model were analyzed in the R programming 
environment using appropriate evaluation methods.

3.5 � Evaluation methods and comparative analysis

To validate the models based on estimated and observed 
values, the accuracy of models was assessed using several 
statistical parameters such as Mean Absolute Error (MAE), 
Mean Bias Error (MBE), Mean Squared Error (MSE), 
Root-Mean-Square Error (RMSE), Mean Absolute Percent-
age Error (MAPE), and Coefficient of Determination (R2) 
(Eqs. 6–11)

where z*(xi), z(xi), and n represent the predicted value, the 
observed value of the target variable, and the number of data 
points, respectively. Ideally, the indices MAPE, R2, MAE, 
MBE, MSE, and RMSE should equal zero. Significant 
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positive or negative values for these indices denote overes-
timated or underestimated values relative to the actual ones. 
Primarily, MAE indicates the model's accuracy using the 
mean absolute error, where a value closer to zero represents 
higher accuracy. MBE indicates the average deviation of 
predicted values from actual values. Moreover, lower values 
of MSE and RMSE indices depict higher accuracy and preci-
sion of the model. MAPE reflects the percentage of the mean 
prediction error of the model; smaller values indicate higher 
accuracy of the model. R2 indicates the degree of fit between 
the predicted values and the actual data; a value closer to 1 
indicates high model accuracy.

3.6 � Research methodology

Referring to the workflow diagram presented in Fig. 2, for 
implementing the Fargas model, the first step involves deter-
mining the lithological units of the basin using the geological 
map, and then rating the rock resistance to erosion accord-
ing to the model guidelines. In the second step, the drainage 
network map of the study basin is prepared and merged with 
the lithological map. After integration, the drainage density 
of each lithological unit is determined and rated based on 
the model's valuation guide. Finally, by multiplying the rated 
rock erosion resistance and drainage density values for each 
lithological unit, the erosion susceptibility risk map of the 
basin is prepared in five classes, ranging from low to very 
severe. In the first stage of implementing the ICONA model, 
the basin slope map is prepared using a 30-m digital eleva-
tion model (Step One). The lithological units are determined 
using the geological map (Step Two) and classified accord-
ing to the model guidelines. The soil erodibility map is then 
prepared by integrating and merging the classified slope and 
lithological maps (Step Three). In the second stage, land 
use and vegetation cover (Normalized Difference Vegeta-
tion Index) maps are prepared (Steps Four and Five). After 
classification based on the model guidelines, these maps are 
merged to create a soil conservation map (Step Six). Finally, 
by integrating the maps from Steps Three and Six, a basin 
erosion susceptibility risk prediction map is prepared in five 
classes, ranging from very low to very severe.

After executing these two qualitative models, the quanti-
tative EPM model is implemented. In the first stage, through 
field visits, Google Earth satellite imagery, and according 
to the model's erosion condition guidelines, the soil ero-
sion coefficient is determined for each basin section (Step 
One). In Step Two, the lithological unit map is extracted 
using the geological map and rated according to the exist-
ing guidelines to prepare the rock and soil sensitivity map. 
In Step Three, the basin slope map is prepared using the 
30-m digital elevation model and classified according to the 
model guidelines. In Step Four, the land-use map is ready 
and rated according to land-use conditions. Finally, in Step 
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Five, to prepare the soil erosion intensity coefficient map, 
the observational soil sensitivity, rock and soil sensitivity, 
land use, and slope coefficient maps are multiplied accord-
ing to Eq. (1).

After preparing the soil erosion intensity coefficient map 
using the EPM model, evaluation indices and spatial repre-
sentation are used to examine the alignment of these results 
with the prediction maps of the two qualitative models.

To compare the predictions of models relative to each 
other, based on the position of random points, the val-
ues of each point from the model prediction maps were 
extracted using ArcGIS software. Then, evaluation meth-
ods were applied using R, and the results were presented 
and analyzed.

4 � Results

4.1 � Results of Fargas model-based mapping

A sixfold stratigraphic sequence, including a wide range 
of lithologies, characterized the Chehelgazi watershed. 
According to the Fargas model guidelines in Table 1, the 
lithological units across the watershed were classified 
and assigned pertinent erodibility factors based on their 
inherent resistance to erosion. The erodibility factors for 
each lithological unit in the Chehelgazi watershed are 
presented in Table 16.

Furthermore, considering the Fargas model guide-
lines outlined in Table 2, the drainage density of each 

Fig. 2   Research methodology process

Table 16   Erosion resistance 
valuation of lithological 
units within the Chehelgazi 
watershed

Hardness value Rock resistance Type of rock unit

2 Very hard Andesitic volcanic
4 Hard to soft Globotrunca limestone
7 Hard to soft Dark gray shale
4 Hard to soft Thinly bedded sandstone and shale with siltstone, 

mudstone limestone, and conglomerate
5 Very hard Flysch turbidite, sandstone, and calcareous mudstone
4 Hard to soft Medium to thick-bedded limestone
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lithological unit was examined and then assigned a fit-
ting factor. Figure 3 illustrates the spatial distribution of 
the lithological units in relation to the basin's drainage 
network. The drainage density factors per rock unit are 
compiled in Table 17.

4.2 � Results of ICONA model-based mapping

The input parameters of the ICONA model are illustrated 
in Figs. 4, 5, 6, 7, 8 and 9. The slope classification map 
displayed in Fig. 4 indicates that 234.15 km2 (86%) of 
the total area is situated in a slope gradient steeper than 

12%. Figure 5 shows the rock unit susceptibility to ero-
sion across the basin, revealing that lithological units 
occupy 128.74 km2 (47.27%) of the total area with high-
erosion susceptibility. The classified slope and lithological 
units maps were merged to generate the erodibility map 
(Fig. 6) of the Chehelgazi watershed. This map indicates 
that 142 km2 (52.14%) of the total area falls within high- 
and very high-erosion risk zones. Based on the land-use 
map (Fig. 7), the basin of interest is characterized by 
various land-use classes, including rain-fed farming, 
irrigated cultivation, orchards combined with cultivated 
areas, Rangeland, and residential and industrial areas. 

Fig. 3   Lithology units and 
drainage density of Chehelgazi 
watershed

Table 17   Drainage density 
valuation of rock units within 
the Chehelgazi watershed

Type of rock unit Drainage density (km/km2) Relative 
value

Andesitic volcanic 0.71 6
Globotrunca limestone 0.39 4
Dark gray shale 0.71 6
Thinly bedded sandstone and shale with siltstone, mudstone lime-

stone, and conglomerate
0 2

Flysch turbidite, sandstone, and calcareous mudstone 0.54 6
Medium to thick-bedded limestone 0 2
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Figure 8 illustrates the classification map of vegetation 
cover generated using the Normalized Difference Vegeta-
tion Index (NDVI). Subsequently, the classified land-use 
and vegetation cover maps were merged. The result led to 

the generalization of a soil conservation map of the Che-
helgazi watershed (Fig. 9). It confirmed that 10.03 km2 
(3.68%) of the total area is in a moderate-to-very good 
conservation state.

Fig. 4   Slope classification map of the Chahalgazi watershed

Fig. 5   Lithological classification map of the Chahalgazi watershed

Fig. 6   Slope and lithology integration map (soil erodibility) of the 
Chahalgazi watershed

Fig. 7   Land-use map of the Chahalgazi watershed
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4.3 � Results of EPM-based mapping

4.3.1 � Soil and rock susceptibility coefficient map

According to the EPM model guidelines for evaluating rock 
units (Table 11), the rock units of the basin were assessed 
based on their resistance to erosion. Figure 10 presents the 

susceptibility coefficient of rocks and soils in the Chehelgazi 
watershed. Additionally, Table 18 shows the coefficient for 
each rock unit separately.

4.3.2 � Supplementary input parameters of EPM

The Chehelgazi watershed is characterized by a diverse 
range of land-use classes, including rain-fed and irrigated 
agriculture, orchards, rangelands, and residential and indus-
trial areas. The land-use coefficient map and the classified 
slope map derived from a 30-m digital elevation model are 
displayed in Figs. 11 and 12, respectively. Furthermore, 
the soil erodibility coefficient, indicating the apparent ero-
sion condition, was calculated in accordance with the field 
survey, Google Earth imagery, and the coefficients listed 
in Table 13. These coefficients varied from 0.5 to 0.6. Fig-
ure 13 shows the soil erodibility map.

Fig. 8   Vegetation classification map of the Chahalgazi watershed

Fig. 9   Soil conservation classification map of the Chahalgazi water-
shed

Fig. 10   Sensitivity coefficient map of rock and soil in the Chahalgazi 
watershed

Table 18   Erosion resistance valuation of rock units in the Chahalgazi 
watershed

Type of rock unit Coefficient

Andesitic volcanic 0.25
Globotrunca limestone 0.9
Dark gray shale (Sanandaj shale) (Schist and phyllite) 1
Thinly bedded sandstone and shale with siltstone, mud-

stone limestone, and conglomerate
2

Flysch turbidite, sandstone, and calcareous mudstone 1.1
Medium to thick-bedded limestone 0.9
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4.4 � Water erosion risk prediction map

Figures 14 and 15 depict the prediction maps of water 
erosion risk for the Chehelgazi watershed generated by 
the Fargas and ICONA models. Likewise, Fig. 16 illus-
trates the erosion intensity coefficient map based on EPM. 

Table 19 details the areas classified under each erosion 
risk zone within the basin.

Analysis of Table 19 data reveals significant differences 
among Fargas, ICONA, and EPM models in risk classifi-
cation and associated areas. Indeed, in the ICONA and 
EPM models, risk categories are classified into five dis-
tinct levels: very low, low, moderate, high, and very high. 

Fig. 11   Land-use coefficient map of the Chahalgazi watershed

Fig. 12   Slope coefficient map of the Chahalgazi watershed

Fig. 13   Observed soil erosion coefficient map of the Chahalgazi 
watershed

Fig. 14   Fargas-based erosion susceptibility map for the Chehelgazi 
watershed
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In contrast, the Fargas model categorizes risk into four 
levels: low, moderate, high, severe, and very severe. Nota-
bly, the severe category in the Fargas model corresponds 
to the high category in the ICONA and EMP models. In 
contrast, the very severe category aligns with the very high 
classification in the other two models.

Fargas assigns no area to the very low-risk category, 
while ICONA predicts 1.03 km2 and EPM substantially 
more at 14.16 km2. In the low-risk category, Fargas identi-
fies only 1.44 km2 as susceptible to low erosion, compared 
to ICONA's 13.16 km2 (approximately nine times more) 
and EPM's 47.39 km2 (over 33 times Fargas). Fargas allo-
cates 98.96 km2 for the moderate-risk category, represent-
ing a 340% increase from ICONA (22.50 km2) and a 548% 
increase from EPM (15.30 km2).

Fargas assigns 43.19 km2 in the high-risk category, while 
ICONA covers 95.54 km2. EPM, with 29.91 km2, accounts 
for approximately 68.7% less than ICONA.

For the very high-risk category, ICONA spans 140.10 
km2, 8% more than Fargas (128.74 km2), whereas EPM cov-
ers 165.57 km2, 28.6% more than Fargas and 18.1% more 
than ICONA. These results highlight significant variations in 
risk distribution and model focus, underscoring the impor-
tance of utilizing multiple models to gain a comprehensive 
understanding of risk.

Table 19 shows that, based on the results of the Fargas, 
ICONA, and EPM models, approximately 63%, 87%, and 
72% of the basin's area are exposed to high-to-very high-
erosion risk, respectively.

4.5 � Evaluation of the qualitative 
and the quantitative models' prediction

Table 20 presents a comparative evaluation of the functions 
of the qualitative and quantitative models based on the geo-
spatial conditions of 380 randomly selected points (Fig. 17). 
The results revealed significant differences in the prediction 
accuracy of each model, as measured by several statistical 
parameters, including MSE, RMSE, MAE, MBE, MAPE, 
and R2.

Comparing the statistical parameters of ICONA and EPM 
revealed that the accuracy of the qualitative model (ICONA) 
is lower than that of the quantitative model (EPM), as evi-
denced by an R2 value of 0.3545 and an MAPE of 34.27%, 
indicating a higher error rate in predictions compared to 
other models. Likewise, the MBE value of 0.3405 suggested 
that the ICONA model tended to overpredict, as the pre-
dicted values are generally more significant than those of 
the EPM model.

On the other hand, a comparison between Fargas and 
EPM showed better performance for the Fargas model, with 
lower values for MSE (0.7373), RMSE (0.8586), MAE 
(0.5496), and MAPE (26.13%). Furthermore, the R2 value 
of 0.6116 revealed a good fit between the predicted and the 
actual values. Here, the MBE value of 0.0563 indicates that 
the Fargas model slightly overpredicts; however, its predic-
tion accuracy is generally more significant than that of the 
ICONA model. Eventually, the comparison between the 
ICONA and Fargas models, with an R2 of – 0.087, signified 

Fig. 15   ICONA-based erosion susceptibility map for the Chehelgazi 
watershed

Fig. 16   EPM-based erosion susceptibility map for the Chehelgazi 
watershed
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a notably lower prediction accuracy for the ICONA model. 
Additionally, the MAPE of 14.27% and the negative MBE 
of – 0.2842 denoted that the Fargas model tends to under-
predict compared to ICONA. Therefore, the Fargas-based 
modeling exhibited superior performance to the EPM and 
ICONA-based modeling, highlighting it as the most reliable 
model for erosion risk prediction in this research study.

4.6 � Spatial comparison of prediction maps’ 
similarities

Table 21 compares the prediction maps of erosion risk 
generated by Fargas, ICONA, and EPM approaches. The 
first column of the table displays the risk classification cat-
egories. The second and third columns represent the area 
estimated commonly by the three models within each class 
based on spatial location. The findings revealed that the 
highest significant prediction similarity between Fargas and 
EPM, as well as between ICONA and EPM, occurred in the 
very high-risk category. Additionally, the predicted erosion 
risk maps generated by the Fargas, ICONA, and EPM mod-
els, along with the intersected areas in the predictions, are 
demonstrated in Fig. 18.

In these figures, the first column presents the EPM 
model results, the second column shows the Fargas model 

Table 19   The total area of erosion and sedimentation risk per class in the Chehelgazi watershed

Risk category Fargas model (km2) ICONA 
model 
(km2)

EPM model (km2) Key observations

Very low – 1.03 14.16 Fargas does not predict any area; EPM assigns significantly more area 
than ICONA

Low 1.44 13.16 47.39 ICONA predicts ~ 9 × more area than Fargas; EPM assigns the most 
significant area, ~ 33 × that of Fargas

Moderate 98.96 22.50 15.30 Fargas assigns a disproportionately larger area than ICONA (~ 4.4x) and 
EPM (~ 6.5x)

High 43.19 (Severe) 95.54 29.91 ICONA predicts ~ 121.9% more area than Fargas; EPM predicts 44.1% 
less area than Fargas

Very high 128.74 (Very Severe) 140.10 165.57 ICONA and EPM predict significantly larger areas than Fargas, with 
EPM assigning the largest share

Table 20   Comparative 
evaluation results of models 
(qualitative assessment)

Comparison MSE RMSE MAE MBE MAPE R2

EPM vs. ICONA 1.2252 1.1069 0.6729 0.3405 34.2672 0.3545
EPM vs. Fargas 0.7373 0.8586 0.5496 0.0563 26.1260 0.6116
ICONA vs. Fargas 0.6113 0.7818 0.5523 – 0.2842 14.2672 – 0.0870

Fig. 17   Geospatial distribution of random points

Table 21   Similarities in the predicted eroded area by different models

Erosion classification Intersected area in 
Fargas and EPM 
predictions

Intersected area in 
ICONA and EPM 
predictions

km2 % km2 %

Very low 0 0 0.25 1.76
Low 0 0 0.56 1.18
Moderate 12.19 79.67 3.71 24.24
High 9.6 32.09 21.78 72.81
Very high 127.92 77.26 136.02 82.15
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results and the third column displays the ICONA model 
results. The fourth and fifth columns represent the com-
mon spatial locations in the predictions of the Fargas and 
ICONA models relative to the EPM model. Regardless of 

the differences in prediction accuracy between the mod-
els, the visual analysis of Fig. 18 better demonstrates the 
prediction accuracy of each model compared to the EPM 
model.

Fig. 18   The predicted intersecting points between the EPM model Fargas and ICONA
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5 � Discussion

This research presents an in-depth analysis of the differ-
ences and similarities between Fargas, ICONA, and EPM 
models in assessing soil erosion risk for the Chehelgazi 
watershed, based on comparative results. The diversity in 
modeling approaches (qualitative and quantitative) and 
variations in erosion risk area estimations represent the 
study's most significant findings, revealing the complexi-
ties of erosion risk evaluation.

Fundamental differences in model results demonstrate 
that each model employs distinct algorithms and param-
eters for erosion risk analysis. As Salajeqeh and Delfari 
(2007) demonstrated, qualitative models that consider 
more diverse factors can yield more accurate results than 
quantitative models. Despite its qualitative approach, 
the Fargas model demonstrated a notable correlation 
(R2 = 0.6116) with the quantitative EPM model, underscor-
ing the importance of qualitative models in soil erosion 
studies. This suggests that qualitative methods can serve as 
complementary tools alongside quantitative models, even 
with minimal parameters. This conclusion aligns with the 
statement by Li et al., (2017) that model complexity does 
not necessarily lead to an increase in forecast accuracy. 
Additionally, the results of the Fargas model in this study 
are consistent with Abdi and Mohammadi (2014) research, 
which evaluated this model using the B.L.M method, as his 
study also showed a 50% overlap in predictions between 
the Fargas model and the Bureau of Land Management 
(B.L.M) method.

Statistical index comparisons revealed that the ICONA 
model demonstrates the weakest performance compared to 
the EPM model, with a determination coefficient of 0.35 
and the highest relative error rate (34.27%), contradicting 
Esmaeili Gholzom et al. (2022) claims regarding ICO-
NA's reliability for erosion risk assessment. This neces-
sitates reviewing methodological approaches and input 
parameters, which may stem from differences in theo-
retical foundations and parameter weighting. This issue 
may result from differences in theoretical foundations and 
parameter weighting methods, as ÖZVAN et al.’s (2022) 
study on erosion risk assessment using the ICONA and 
CORINE models also demonstrated that the accuracy of 
both ICONA and CORINE (Coordination of Information 
on the Environment) models in erosion risk evaluation was 
approximately 50%, While Kavian et al. (2024) research 
presented accuracy rates of 0.83 and 0.80 for the ANP 
and ICONA models, respectively. This issue may result 
from differences in theoretical foundations and parameter 
weighting methods.

A prominent aspect of this research is the convergence 
of all three models in identifying high-erosion risk areas, 

with 63–87% of the study area classified as having high-
to-very high-erosion risk. Specifically, the Fargas model 
classified 63.13% of the area, the ICONA model 86.52%, 
and the EPM model 71.78% as having high-to-very high-
erosion risk. This overlap confirms the significance of 
multiple approaches in soil erosion studies, consistent with 
Sonneveld et al. (2011)'s recommendation of model com-
bination for more effective evaluation. In alignment with 
these findings, other studies have yielded similar results, 
as evidenced in various research where the ICONA model 
has allocated the highest prediction percentage to the 
very high-risk category (Dutal, 2022), while the Fargas 
model has assigned the most significant percentage to the 
medium-risk category (Abdi & Mohammadi, 2014).

Erosion risk area distribution analysis showed varied 
model tendencies in risk category estimations. For instance, 
the Fargas model covered a significantly larger area in the 
medium-risk category than the EPM model, which may be 
attributed to differences in the defined criteria and thresh-
olds. This difference can be attributed to the variation in 
criteria and thresholds defined for each class. Based on 
the findings, the Fargas model and ICONA model showed 
77.26% and 82.15% prediction overlap and agreement with 
the EPM model, respectively, in the very high-risk category.

The study emphasizes the importance of a multi-model 
approach in assessing soil erosion risk. Utilizing models 
with diverse approaches can provide a more comprehensive 
and precise understanding of erosion status, which is par-
ticularly crucial in regions with complex topographical and 
climatic conditions.

Primary research limitations in this study encompass sev-
eral significant constraints that should be considered when 
interpreting the results. Spatially, the study was limited to 
the Chehelgazi watershed, which, while representative of 
certain conditions, cannot fully represent the diversity of 
erosion-prone landscapes. Additionally, the spatial resolu-
tion of available data imposed limitations on the detection 
of small-scale erosion features. Due to time and resource 
constraints, the study focused on comparing only three mod-
els (Fargas, ICONA, and EPM), while numerous other ero-
sion prediction models exist in the literature. This selective 
approach, though methodologically sound, may not provide 
a comprehensive understanding of all potential modeling 
approaches. A significant limitation was the absence of 
field-measured erosion rates that could serve as ground-truth 
data for validating model predictions. This absence makes 
it difficult to determine which model most accurately repre-
sents actual erosion processes in the study area. Each model 
employed contains inherent simplifications and assump-
tions about erosion processes that may not fully capture the 
complex interactions of environmental factors influencing 
soil erosion in the real world. Despite these limitations, 
the findings provide valuable insights into the comparative 
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performance of qualitative and quantitative erosion assess-
ment approaches. The high level of agreement between 
methodologically different models strengthens confidence in 
the identified patterns of erosion risk. It can serve as a valu-
able guide for researchers and natural resource management 
professionals seeking to implement erosion control measures 
in similar watersheds.

6 � Conclusion

The present research provided highly valuable results by 
comparing the Fargas and ICONA qualitative models with 
the quantitative EPM model in assessing soil erosion risk in 
the Chehelgazi watershed. Precise statistical index analy-
sis demonstrated that despite the models' different natures, 
there was a significant convergence in identifying high-risk 
erosion areas. All three models, with the maximum overlap 
in the very high-risk category, indicated that 63 to 87% of 
the study area is exposed to high-to-very high-erosion risk. 
These findings underscore the importance of employing 
multiple approaches in soil erosion risk assessment, dem-
onstrating that qualitative models can offer a more compre-
hensive understanding of erosion status in conjunction with 
quantitative models.

Primary research limitations include restricted access to 
precise erosion-affecting parameters, temporal and spatial 
study constraints, and the inability to examine all existing 
models and validate against actual erosion data. Neverthe-
less, the findings can serve as a valuable guide for research-
ers and professionals in natural resource management. 
Research recommendations of this study include:

(1) Evaluating the impact of environmental variables 
on erosion model accuracy: Comprehensive assessment of 
how climatic factors (precipitation patterns, temperature 
fluctuations, and evapotranspiration rates), vegetation cover 
dynamics, soil properties, and topographical characteristics 
influence the performance of various erosion models. This 
detailed evaluation could identify key parameters in different 
climate zones and improve modeling accuracy across vary-
ing environmental conditions.

(2) Developing integrated models using artificial intel-
ligence methods: Leveraging machine learning techniques, 
artificial neural networks, and optimization algorithms to 
combine the strengths of qualitative and quantitative models. 
This approach could lead to the creation of hybrid mod-
els capable of more accurate soil erosion predictions with 
reduced data requirements and faster processing, particularly 
in data-scarce regions.

(3) Comparative studies in watersheds with diverse con-
ditions: Conduct similar model comparison studies across 
watersheds with varying geology, vegetation cover, soil types, 
and climatic conditions to assess result generalizability and 

identify common patterns or significant differences in model 
performance. These studies would enhance understanding of 
each model's limitations in different environmental settings.

(4) Examining model sensitivity to parameters: Perform-
ing comprehensive sensitivity analyses to determine how 
slight variations in input parameters affect final model out-
comes. This analysis can identify critical parameters that 
require more precise measurement and help optimize data 
collection processes, potentially reducing resource require-
ments without compromising accuracy.

5) Developing standardized protocols for model valida-
tion using field data and remote sensing: Establishing stand-
ard methodologies for evaluating model results against actual 
erosion data collected through field methods and remote-
sensing technologies would enhance confidence in model 
predictions and provide clearer pathways for improvement.

These recommendations can serve as valuable guidance 
for researchers and professionals in soil erosion modeling 
and sustainable natural resource management. Implement-
ing these suggestions could contribute to the development of 
more accurate soil erosion assessment and prediction tools, 
ultimately leading to improved planning for soil conserva-
tion and watershed management.
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