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A B S T R A C T   

Soil erosion by water and wind is a critical challenge for sustainable management of catchments in drylands and 
accurate spatial information can help in mitigation of its destructive consequences. Here, seven machine learning 
(ML) models were applied to map simultaneously the water and wind erosions in the Bakhtegan catchment, south 
Iran, with three dried lakes in its southern part and three dams established in upstream parts of the lakes. The 
analysis identified 10 and 11 effective variables controlling water and wind erosions, among 20 and 17 potential 
variables, respectively, via the MARS feature selection algorithm. According to the most accurate ML models 
(artificial neural network for water erosion, and Cubist for wind erosion), an integrated model was developed to 
map soil erosion by water and wind simultaneously. Permutation feature importance (PFI) and Shapley additive 
exPlanation (SHAP) interpretation techniques were employed to explain the model outputs, revealing that 19.7 
% of the total area belonged to high and very high susceptibility classes to soil erosion by water and wind. The 
PFI plot revealed that the slope and wind speed were the most influencing factors for water and wind erosion, 
respectively. According to SHAP decision plot, slope had the highest contribution on the predictive water erosion 
model’s output, whereas vegetation cover exhibited the highest contribution on the predictive wind erosion 
model’s output. Due to climate change and intensified drought during the recent years, as well as due to con-
struction of dams upstream of the lakes, the southern part of the study area was converted to a source of sand and 
dust storms. The hotspots with severe water erosion are distributed all over the study area, rendering it quite 
vulnerable to adverse climate change projections.   

1. Introduction 

Soil erosion by wind and water is one of the critical processes of soil 
degradation in the catchment areas, while the 56 % and 28 % of the total 
global degraded land was affected by water and wind erosion, respec-
tively (Oldeman, 1994). At the global scale, soil erosion by water is the 
most severe type of erosion, while wind erosion is a widespread event, 
especially in the drylands. Soil erosion has many detritus consequences 
and the most important erosion-induced soil degradation processes can 
be classified as physical (mitigation of soil depth, water infiltration), 

chemical (increasing salinization, acidification, and water pollution), 
and biological (increasing eutrophication and hypoxia) (Blanco-Canqui 
and Lal, 2008; Shirani et al., 2020). Traditionally, water erosion and 
wind erosion have been analyzed and modelled separately (Tanner 
et al., 2023), but nowadays due to climate change and intensifying 
anthropogenic interference, these two types of soil erosion are both 
active in catchment areas located in the drylands (Vaezi et al., 2019; 
Boroughani et al., 2021). Therefore, simultaneous spatial mapping of 
land susceptibility to soil erosion due to water and wind in the catch-
ments can be helpful to mitigate their negative consequences and for 
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sustainable management of catchments (Qaderi Nasab and Rahnama, 
2019; Gholami et al., 2020). 

Machine learning (ML), as a field of data mining, has been exten-
sively applied to map soil erosion hazard (Mohammadifar et al., 2021; 
Liu et al., 2023; Lana et al., 2022; Gholami et al., 2020b; Bag et al., 2022; 
Gholami and Mohammadifar, 2022). Application of ML models for 
mapping soil erosion due to water and wind, simultaneously has not 
been reported yet, and this study addresses this gap for the first time. On 
the other hand, one of the lesser-known aspects associated with ML 
models is their interpretability. ML models are a type of black box 
models, and their interpretation can help us to better understand the 
model’s outputs and to analyze the contribution and impact of the input 
variables (influencing factors) on the model’s outputs (Gholami et al., 
2023a). Interpretation can also help us to understand the cause of a 
decision (Miller, 2019). Overall, interpretation techniques can be 
divided into global model-agnostics methods and local model-agnostic 
methods. More recently, application of the interpretation techniques 
has been attracted the scientific interest to explain ML model’s output, 
especially in the spatial modelling of earthquake, flood, gully erosion, 
soil salinity, wind erosion and dust emissions from the land surfaces (e. 
g., Jena et al., 2023a,b; Pradhan et al., 2023a,b; Gholami et al., 2023a, 
b). 

The current study aimed to develop an explainable ML model for the 
simultaneous spatial modelling of soil erosion in an arid environment in 
south Iran. The study area (Bakhtegan watershed basin) is a climate- 
change hotspot and constitutes an environmental crisis due to 
enhanced atmospheric warming in the Middle East and the human 
interference (Kafilzadeh et al., 2007; Gharechaei et al., 2015; Mozafari 
et al., 2022). Therefore, the main goals of this study are summarized to 
(i) identify the effective variables on water erosion and wind erosion 
using MARS algorithm, (ii) apply tolerance coefficient (TC) and variance 
inflation factor (VIF) tests to explore multi-collinearity among all vari-
ables controlling water erosion and wind erosion, (iii) mapping soil 
erosion by water and wind simultaneously using an integrated ML 
model, and (iv) due to black box nature of ML models, permutation 
feature importance (PFI) and Shapley additive exPlanation (SHAP) 
interpretation techniques were applied for better understanding, anal-
ysis and explanation of the output of ML models. To the best of our 
knowledge, there is not any other study indicating the application of the 
interpretation techniques mentioned above to explain the outputs of ML 
models for mapping the land susceptibility to soil erosion by water and 
wind simultaneously. Overall, integrated spatial maps of various haz-
ards that are developed in this study, are especially important for soil 
erosion in the catchment area and can help the scientists, local author-
ities and policy makers in their management and in establishing the 
appropriate strategies to mitigate their negative consequences. 

2. Materials and methods 

2.1. Study area 

Bakhtegan watershed, with an area of 31490 km2 (51◦ 42ʹ to 54◦ 31ʹ 
E and 29◦ 00 to 31◦ 14ʹ N), is located in the northern-central part of Fars 
Province, in southern Iran (Fig. 1). The study area has three lakes 
(Bakhtegan, Tashk and Maharloo). The Bakhtegan and Tashk Lakes are 
fed by Kor River, while the Maharloo Lake, located in southern Shiraz 
county, collects the surficial water and runoff from the upstream 
(Sajedipour et al., 2017). The main river in the study area is Kor, which 
emanates from the northwestern Fars Province and the Zagros Moun-
tains, and its length is about 280 km. Sivand is the second river that 
feeds this lake. The mean elevation in the examined watershed basin is 
2031 m, surrounded by high, arid and rocky mountains, while the mean 
annual temperature is about 17 ◦C. The region is characterized by a hot 
and dry climate, with an annual evaporation ranging between 1300 mm 
and 3500 mm and an annual rainfall amount of 365 mm. The con-
struction of dams in the main rivers discharging in the lakes decreased 

the water surface in Bakhtegan Lake, while climate change and pro-
longed drought during the last decades had an important role in the 
desiccation of the lake, resulting in a substantial increase of dust emis-
sions, in heavy metals and in total dissolved solids in lake waters (Kar-
imzadeh and Taghizadeh, 2019; Vahidipour et al., 2022; Hamzeh et al., 
2023). 

2.2. Variables used for spatial mapping of soil erosion by water and wind 

A wide range of effective factors consisting of land surface charac-
teristics and roughness, topographic conditions, vegetation cover (with 
the annual mean values), lithology, parent materials, land use and land 
cover, along with climatic parameters (with the annual mean values) 
and soil characteristics have been found to control soil erosion by water 
and wind (Morgan, 2009; Gholami et al., 2020a; Mohammadifar et al., 
2021; Renard and Freimund, 1994). Therefore, in this study, we applied 
20 and 17 variables, as potential effective factors for water and wind 
erosion, respectively in the Bakhtegan catchment area, as shown in 
Table 1. 

2.3. Soil erosion inventory map (SEIM) 

SEIM indicates the points with the signs of soil erosion in the study 
area. This map is a necessary step for the spatial mapping of soil erosion. 
In order to map the inventory of soil erosion, 155 and 162 points with 
the signs of water erosion (e.g., rill erosion, sheet erosion, etc.) and wind 
erosion (e.g., soil detachment, deflation, abrasion, etc.), respectively 
were recorded by GPS during several field works and google earth im-
ages in the study area. For building the predictive models of water and 
wind erosion, 70 % and 30 % of the points were selected randomly as 
training and test datasets, respectively. In addition, 80 % and 20 % of the 
train dataset were selected for the training and validation of the pre-
dictive models, respectively. The inventory maps for the water and wind 
erosion are presented in Fig. 2. 

2.4. Discrimination of important variables and collinearity tests 

Following literature reviews (Gholami et al., 2020b, 2023a), 20 and 
17 potential variables controlling water and wind erosion, respectively 
were mapped in the study region. The accuracy of the modelling process 
is depended on the input data. Furthermore, identification of the 
important and non-important variables is necessary before the spatial 
modelling phase of soil erosion by water and wind. In this respect, the 
MARS feature selection algorithm (Milborrow, 2014) was applied to 
discriminate the important factors, among all 20 and 17 variables that 
were initially considered as controlling factors. The evimp function in 
MARS was used to select the important variables and this technique 
utilized three measures (e.g., nsubsets, rss (residual sums of squares), 
and gcv (generalized cross-validation)) for identifying the important 
variables impacting on the soil erosion. The feature selection is a key 
step in the spatial modelling process of environmental hazards and this 
step can remarkably improve the accuracy of the predictions provided 
by ML models. 

Then, in order to explore the multi-collinearity among the effective 
variables identified by MARS algorithm, two statistical tests consisting 
of TC and VIF was used. TC < 0.1 and VIF > 10 indicate the collinearity 
problem among the potential variables influencing the water erosion 
and wind erosion (Belsley, 1991; Salmerón-Gómez et al., 2020). 

2.5. Spatial modelling of soil erosion 

In the current research, seven ML models consisting of Cforest, 
support vector machine (SVM), Cubist, Elasticnet, stepwise regression, 
XGBoost, stepwise multivariate regression (SMR) and artificial neural 
network (ANN) were applied to map soil erosion. The use of seven of the 
most widely known and used ML models allows us to determine possible 
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Fig. 1. Location of the Bakhtegan catchment area in Fars Province, southern Iran. Topography of the watershed basin with main toponyms of the lakes, cities, 
dams, etc. 
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modelling biases, while the comparison between the outputs of the 
different models reveals the degree of consistency between the model 
predictions. 

Cforest is an updated random forest (RF) model (Breiman, 2001). 
The accuracy of the predictive model depends on the optimal hyper- 
parameters and this can improve the model’s performance signifi-
cantly. The high capability of the RF models has confirmed for spatial 
and temporal prediction purposes in different fields such as PM2.5 con-
centrations (Tang et al., 2023; Zaman et al., 2021), COVID-19 health risk 
(Li et al., 2023), soil PH (Makungwe et al., 2021), gully erosion (Jiang 
et al., 2021), and fire occurrence (Oliveira et al., 2012), among many 
others. 

SVM – a supervised algorithm introduced by Vapnik (1999) – is 
widely used to solve classification and regression problems. SVM algo-
rithm constructs the hyperplane (Zheng et al., 2023) and the linear 
equation describing the hyperplane in the sample set space Rd can be 
written as follows (Dongliang et al., 2023): 

wT x+ b = 0 (1)  

r =
|wT x + b|

‖w‖
πr2 (2)  

where, w, b and r indicate the hyperplane normal vector, the displace-
ment constant and the hyperplane’s distance, respectively. 

A radial basis kernel function used in SVM model can be expressed as 
following: 

K
(
xi − xj

)
= exp

(
− γ

⃒
⃒xi − xj

⃒
⃒2
)

(3)  

where γ indicates the kernel parameter and it determines the width of 
the radial basis kernel. The successful application of SVM has been re-
ported for the prediction of water heat transfer coefficient (Dongliang 
et al., 2023), mineral prospectively mapping (Zheng et al., 2023), 
landslide spatial prediction (Hong et al., 2015), flood susceptibility 
mapping (Bera et al., 2022) and PM2.5 predictions from space and 
ground observations (Zaman et al., 2021). 

Cubist is a ML model based on the M5 algorithm (Quinlan, 1992; 
Quinlan, 1993) and in comparison with multivariate linear regression 
and neural networks, cubist models present better results and are easier 
to understand. This model has been employed for prediction of actual 
evapotranspiration (Zhang et al., 2023), prediction of the topsoil organic 
carbon (Szatmári et al., 2023), spatial and temporal prediction of ocean 
surface pCO2 (Fu et al., 2020), soil sand content mapping (Qu et al., 
2024), and other fields such as gully erosion, soil erosion by water and 
wind, soil salinity, and dust emissions. 

Elastic net – a model based on the regularization mechanism of linear 
regression – is the extended LASSO (Friedman et al., 2010; Arabameri 
et al., 2021; Gholami et al., 2023b). This model is the combination of 
LASSO and ridge regression penalties (Ogutu et al., 2012), which can be 
written as follows: 

β(enet) =
(

1+
λ2

n

){
βargmin

⃒
⃒
⃒
⃒y − Xβ‖2

2 + λ2
⃒
⃒
⃒
⃒β
⃒
⃒|

2
2 + λ1

⃒
⃒|β||1

}
(4)  

On the setting of α = λ2/(λ1 + λ2), the elastic net estimator can be 
expressed as follows: 

β(enet2) = βargmin||y − Xβ||22 (5) 

Subject to, 

ρα(β) = (1 − α)
⃒
⃒|β||1 + α

⃒
⃒|

2
2 ≤ sforsomes (6)  

where ρα(β) indicates the elastic net penalty (Zou and Hastie, 2005). The 
application of this model has been reported for different prediction 
purposes such as gully erosion, piping collapse, bio-concentration vari-
ables in fish and invertebrates, mapping wind erosion and dust sources 
(Gholami et al., 2023b), etc. 

XGBoost is an optimized distributed gradient boosting library (Song 
et al., 2023) and offers various techniques to prevent overfitting and can 
also capture non-linear relationships in the model, suitable for handling 
large datasets. It has a wide range of hyperparameters that can be tuned 
to optimize the model’s performance. Due to high speed and precision, 
this is a superior model (Parsa et al., 2020) and frequently used the 
CART model designed to reduce the computational time and scale up 
tree boosting algorithms (Chen and Guestrin, 2016). 

SMR model simulates the linear relationship between dependent and 
explanatory variables. In this model, variables were selected automati-
cally by stepwise regression, and simplify the initial model that used all 
variables (Liu et al.,2022). The successful application of this model has 
been reported in fields such as water quality assessment (Varol et al., 
2022), crop yield variations analysis (Liu et al., 2021), nitrogen use ef-
ficiency analysis (Liu et al., 2022), soil moisture spatial modelling (Qiu 
et al., 2010), fine particles and nitrogen dioxide (Chen et al., 2019), 
among others. 

ANN – an advanced model (Avdic et al., 2023) and an artificial 

Table 1 
The description of variables used to map soil erosion by water and wind and 
their .  

Variable Water 
erosion 

Wind 
erosion 

Spatial 
resolution 
(m) and scale 

Data source and 
software 

DEM   30 Website: https://earthe 
xplorer.usgs.gov 
/Software: ArcGIS 10.5 

Slope   30 DEM and ArcGIS 10.5 
software 

Aspect   30 DEM and ArcGIS 10.5 
software 

Plan 
curvature  

− 30 DEM and ArcGIS 10.5 
software 

Profile 
curvature  

− 30 DEM and SagaGIS 
software 

SPI  − 30 DEM and SagaGIS 
software 

TWI  − 30 DEM and SagaGIS 
software 

TRI   30 DEM and SagaGIS 
software 

Clay content   250 Website: https://soilg 
rids.org/; Interpolation 
tools in ArcGIS10.5 

Sand content   250 
Silt content   250 
Soil bulk 

density   
250 

Coarse 
fragment   

250 

Soil organic 
carbon   

250 

CEC − 250 
Soil nitrogen − 250 
Soil moisture   250 
Wind speed − 250 Website: https://cds.cli 

mate.copernicus.eu/; 
Interpolation tools in 
ArcGIS10.5 

NDVI   90 Website: https://eart 
hexplorer.usgs.gov/; 
ENVI software 

Precipitation  − 250 Website: https:// world 
clim.org/; Interpolation 
tools in ArcGIS10.5 

Lithology   1:100,000 IWMRFO 
Land use   1:100,000 
Distance from 

the river  
− 1:100,000 

Sources. DEM, SPI, TWI, TRI, CEC and NDVI indicate digital elevation model, 
stream power index, topographic wetness index, terrain ruggedness index, 
cation exchange capacity, and normalized difference vegetation index, 
respectively 
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Fig. 2. The inventory map of soil erosion by a) water and b) wind in Bakhtegan catchment.  
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intelligence mechanism – is a good model to detect and simulate 
nonlinear relationships (Cander et al., 1998; Leandro and Santos, 2004). 
The sigmoid activation function used in the model can be written as 
follows: 

f (x) =
1

1 + e− x (7)  

2.6.8. Model’s evaluation, integrated spatial map of soil erosion, and 
model’s explanation 

Area under curve (AUC) (Yesilnacar, 2005) was used to evaluate the 
predictive model performance. Based on the AUC values, the model’s 
accuracy can be divided into five classes. Finally, the most accurate 
models identified for mapping water and wind erosion were used to 
generate an integrated spatial map of soil erosion over the study area. 

Here, we applied the PFI measure and SHAP plot to explain the 
predictive model used to map soil erosion. The PFI measure was initially 
introduced by Breiman, (2001) and is computed by calculating the in-
crease in the model’s prediction error after permuting the feature. 

SHAP – a technique based on game theory (Lundberg and Lee, 2017) 
and optimal Shapley values – was applied to address the nature of the 
black box of predictive ML model used to mapping soil erosion. Мore 
details about PFI and SHAP can find elsewhere (Mohammadifar et al., 
2021; Gholami et al., 2023a). All the main steps and the whole pro-
cedure followed for generating integrated maps of soil erosion by water 
and wind in the Bakhtegan watershed are presented in the flow chart of 
Fig. 3. 

3. Results and discussion 

3.1. Effective variables, their collinearity behavior and importance 

The important (effective) variables controlling soil erosion, as they 
identified by MARS, are presented in Table 2. The results show that out 
of 20 variables potentially controlling water erosion, ten variables 
consisting of land use type, slope, lithology, terrain ruggedness index 

(TRI), coarse fragment, clay content, vegetation cover (NDVI), aspect, 
soil bulk density and topographic wetness index (TWI) were computa-
tionally selected as important factors affecting water erosion in the study 
area, while the others were identified as non-important variables and 
were excluded from the rest of the analysis. 

On the other hand, the results of MARS feature selection algorithm 
revealed that DEM, land use type, wind speed, slope, NDVI, soil nitro-
gen, cation exchange capacity (CEC), lithology, aspect, clay content and 
soil bulk density were identified as important variables controlling wind 
erosion. Overall, seven variables, namely land use type, slope, lithology, 
clay content, NDVI (vegetation cover), aspect and soil bulk density were 
found as important factors for affecting soil erosion by both water and 
wind. 

The PFI plots indicating the relative importance of variables 
impacting on water erosion and wind erosion are presented in Fig. 4. 
According to Fig. 4a, among the ten identified effective variables 
impacting on the water erosion, five of them, namely slope, TWI, coarse 
fragment, land use and TRI were considered as the most important ones 
with a high relative importance. The severity of water erosion and wind 
erosion depends on various variables (e.g., soil characteristics, topog-
raphy conditions, land use type, precipitation regime type, etc. (Renard 
and Freimund, 1994; Morgan, 2009; Parajuli et al., 2014; Padarian et al., 
2020; Gholami et al., 2020a). 

The importance of variables controlling soil erosion is highly site or 
area-specific, since they depend on the specific characteristics of each 
area, soil conditions, anthropogenic interference, and the prevailing 
synoptic meteorology. For example, Mohammadifar et al. (2021) re-
ported that variables extracted from DEM (e.g., TWI, TRI, terrain surface 
texture, slope and SPI) were the most effective factors controlling water 
erosion in Hormozgan Province, southern Iran. In the work by Khosravi 
et al. (2023), among 14 variables explored as affective ones for con-
trolling water erosion, elevation or DEM, rain erosivity, vegetation 
cover, TWI and plan curvature were identified as the most important 
factors. Although the importance of the topographic variables is 
different between catchment areas of different climatic, soil and Fig. 3. Research diagram indicating all the main steps used to generate inte-

grated maps of soil erosion by water and wind and its explanation. 

Table 2 
Effective (important) variables controlling water erosion and wind erosion as 
identified by MARS feature selection algorithm. Gcv, Rss, TRI, NDVI, TWI, DEM, 
and CEC indicate generalized cross-validation, residual sums of squares, terrain 
ruggedness index, normalized difference vegetation index, topographic wetness 
index, digital elevation model, and cation exchange capacity, respectively.  

Soil erosion by water 

Variable Nsubsets Gcv Rss 

Land use type 15 100 100 
Slope 15 60.2 64.8 
Lithology 12 35 42.5 
TRI 11 24.7 35.1 
Coarse fragment 10 26 34.4 
Clay content 7 19.1 26.9 
NDVI 7 15.8 25.1 
Aspect 6 13.4 22.6 
Soil bulk density 5 14.3 21.4 
TWI 4 9.3 17.6  

Soil erosion by wind 
Variable    
DEM 16 100 100 
Land use type 15 74.7 75.8 
Wind speed 14 50.3 55.3 
Slope 14 49 53.2 
NDVI 11 33.6 39.2 
Soil nitrogen 10 31.9 36.5 
CEC 9 30.3 34.4 
Lithology 8 25.1 29.9 
Aspect 6 15 21.7 
Clay content 4 10.8 16.9 
Soil bulk density 1 2.2 7.3  
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topographic characteristics, slope length variable and channel network 
distance were identified as the most important factors controlling gully 
erosion in the black-soil region of China (Huang et al., 2022). According 
to Roy and Saha (2022), land use – land cover, length of overland flow, 
elevation, slope, and plan curvature were introduced as the five most 
important factors controlling gully headcut in India. Altitude, distance 
from the stream network, distance from the road, land use type and 
vegetation cover were selected as the key variables controlling gully 
erosion in Bandar Lengeh, Hormozgan Province, south Iran (Wang et al., 
2021). Soil properties, DEM, land use type, and vegetation cover were 
recognized as the critical variables impacting on the gully erosion in 
Shamil-Mianb plain, southern Iran (Gholami et al., 2023a). This shows 
that evaluation of the effective variables and mapping of soil erosion 
should be emphasized on local to regional scales in order to achieve the 
most reliable results, due to large spatial heterogeneity, human inter-
ference and different climatic conditions of each area. 

The PFI plot regarding the relative importance of variables influ-
encing wind erosion is presented in Fig. 4b. The PFI results revealed 
that, among the 11 selected variables impacting wind erosion, those of 
wind speed, CEC, NDVI, DEM and slope are the five ones with the 
highest relative importance. Overall, soil erosion by wind is impacted by 
different variables and its severity varied from one point to another, 
exhibiting high association with topographic and meteorological con-
ditions. For example, Gholami et al., (2020a) revealed that among 
thirteen variables evaluated as controlling factors for wind erosion in 
central Asia, three of them consisting of DEM or elevation, precipitation 
and vegetation cover exhibited the highest relative importance. In 
another work by Gholami et al., (2020b), three variables (e.g., wind 
speed, land use type and elevation) were the most important controlling 
factors on dust source regions in southwestern Iran. According to Bor-
oughani et al. (2021), soil orders and geomorphology units were the 
most important variables controlling dust emissions from the land 

surfaces in the arid Sistan watershed. Pourhashemi et al. (2023) 
revealed that land use type exhibited the highest impact on the dust 
source susceptibility in a critical region located at the border of Iran and 
Iraq. Overall, depending on many variables such as human activities, 
environmental, climatic, topographic and land surface conditions, soil 
erosion by water and wind may significantly change between different 
catchment areas. 

The results of TC and VIF tests, which were used to explore the 
collinearity among the variables impacting on water erosion and wind 
erosion, are presented in Tables 3 and 4. The results revealed that there 
is no significant collinearity among the effective variables controlling 
the water and wind erosions, because the values of TC and VIF were 
calculated > 0.1 and < 10, respectively for all effective variables. 
Therefore, all the implemented factors are considered as independent, 
and without strong relationships between them, and therefore, could be 
used to generate maps of wind erosion by water and wind in the 
Bakhtegan watershed basin. 

3.2. Water erosion and wind erosion spatial maps 

Seven ML models were applied to map the soil erosion in the Bakh-
tegan watershed basin, and then, their performance was assessed by 
AUC technique. The results of the assessment of the model’s perfor-
mance were presented in Fig. 5. These results revealed that, among 
seven models used to map water erosion and wind erosion, ANN and 
Cubist are the most accurate models or the models with the highest 
reliability to map soil erosion by water and wind, respectively, since the 
area under the curve maximizes in these cases (Fig. 5). According to 
ANN model (Fig. 6a), 13.5 %, 39.4 %, 18.2 % and 28.9 % of the total 
land area in the examined watershed were classified as low to very high 
susceptible to water erosion, while, Cubist model (Fig. 6b) revealed that 
9.2 %, 24.3 %, 28.6 % and 37.7 % of the study area was characterized by 
low to very high susceptibility to soil erosion by wind. 

The water erosion map revealed that the central lands of the study 
area exhibited high susceptibility to soil erosion by water, while several 
hotspots of water erosion were also identified in the northern parts of the 
catchment area. 

The southern and northern lands of the Bakhtegan watershed basin 
seem to be highly susceptible to wind erosion, because three desiccated 
lakes consisting of Tashk, Bakhtegan and Mharloo are located in these 
regions. After their dryness, fine-grained particles (e.g., very fine sand, 
silt and clay) remained in the topsoil, which are highly susceptible to 
wind and can be emitted in the atmosphere under strong near surface 
winds causing intense dust storms in the Bakhtegan Basin (Karimzadeh 
and Taghizadeh, 2019; Hamzeh et al., 2023). 

Bakhtegan Lake was the second largest lake in Iran, and the largest 
lake in the central Iranian Plateau, with a length of 120 km. Unfortu-
nately, due to intensified climate change, drought and limited precipi-
tation over the region during the recent years, combined with 
anthropogenic activities (i.e. excessive consumption of lake’s water, 
withdrawal of underground aquifers, drilling of agricultural wells), the 

Fig. 4. PFI measure plots indicating the importance of the variables controlling 
a) water erosion, and b) wind erosion. 

Table 3 
TC and VIF values for the effective variables controlling soil erosion by water.  

Variable Collinearity tests 

TC VIF 

TWI  0.371  2.698 
TRI  0.125  8.542 
Slope  0.146  8.082 
Clay content  0.473  2.115 
Coarse fragment  0.115  8.684 
Aspect  0.983  1.017 
Soil bulk density  0.273  3.663 
Land use type  0.304  3.287 
Lithology  0.566  1.767 
NDVI  0.670  1.493  
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Kor River was dried, thus causing the complete dryness of the lake 
(Sajedipour et al., 2017; Karimzadeh and Taghizadeh, 2019; Vahidipour 
et al., 2022). Construction of three dams namely Doroudzan dam – 
constructed in the Kor River and upstream of the study area in 1971 –, 
Sivand dam on the Sivand River, and Molasadra dam decreased 
dramatically the incoming water flow into Bakhtegan lake (Sajedipour 
et al., 2017). Therefore, the dryness of the lakes was intensified in recent 
years, converting the basin into an active dust source, with frequent 
emissions of saline dust storms due to alluvial material and halite con-
tent remained in the topsoil after the lake’s dryness (Karimzadeh and 

Taghizadeh, 2019; Hamzeh et al., 2023). Consequently, this caused a 
degradation of air quality, accompanied with an increase in PM con-
centrations and potentially toxic metals, with a serious threat for human 
health and ecosystem services (Vahidipour et al., 2022). 

Similar phenomena of intense dust storms originated from dried lake 
beds or desiccated lakes have been observed in the Urmia lake, NW Iran 
(Motaghi et al., 2020; Hamzehpour et al., 2022; Hamzeh et al., 2023; 
Mobarak Hassan et al., 2023), in the Sistan Basin, SE Iran (Rashki et al., 
2013, 2021), in the Aral Sea (Karami et al., 2021; Banks et al., 2022; Ge 
et al., 2022), as well as in cases in Africa (Etosha Pans, Chad Lake), 
Australia (Lake Eyre) and north America. Overall, the desiccated lake 
beds present high susceptibility to wind erosion and dust emissions and 
may play a critical role to intensifying air pollution in the neighboring 
affected areas (Zucca et al., 2021; Wang et al., 2022; Wu et al., 2022; 
Tehrani et al., 2023). For example, Behrooz et al. (2019) and Rashki 
et al. (2013) reported that dried beds of the Hamoun lakes act as dust 
source in the Sistan Basin in southeastern Iran, while dryness of these 
lakes can increase dust emissions by an average of 40 %, reaching even 
up to 80 % (Boloorani et al., 2022). The current results revealed that on 
watershed basins in the interior of arid lands, apart from the wind 
erosion, water erosion is also especially important for land degradation 
and negative impacts on environmental processes. Detailed (under high 
spatial resolution) and accurate mapping of land susceptibility to wind 
and water erosion is especially important for sustainable resource 
management in the arid environments and for mitigating the effects of 
dust emissions. 

Table 4 
TC and VIF values for the effective variables controlling soil erosion by wind.  

Variable Collinearity tests 

TC VIF 

Aspect  0.937  1.068 
Soil bulk density  0.546  1.83 
CEC  0.416  2.405 
DEM  0.182  5.504 
Land use type  0.626  1.597 
Lithology  0.678  1.475 
NDVI  0.459  2.177 
Slope  0.528  1.895 
Clay content  0.721  1.388 
Soil nitrogen  0.649  1.541 
Wind speed  0.229  4.428  

Fig. 5. The AUC plots for assessment of the performance of ML models used to 
map a) water erosion, and b) wind erosion. 

Fig. 6. The land susceptibility classes due to a) water erosion predicted by ANN 
model, and b) wind erosion predicted by Cubist model in the Bakhtegan 
watershed basin in south Iran. 
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3.3. Contribution of variables (features) controlling the soil erosion 

Due to nature of the black-box of ML models, understanding the 
importance and contribution of inputs or effective variables on the 
predictive model’s outputs is necessary. Therefore, interpretation tech-
niques are effective tools to explain the model’s output. Here, SHAP 
plots (Fig. 7), as interpretation techniques, were applied to assess the 
importance and contribution of the effective variables controlling water 
erosion and wind erosion. According to the results, slope, land use, TWI, 
TRI and soil bulk density exhibited the highest impact (contribution) on 
the predictive water erosion model’s output (Fig. 7a), while SHAP plot 
revealed that NDVI, slope, land use, wind speed and soil clay content 
were the most important variables contributing to the wind erosion 
model’s output (Fig. 7b). More recently, the application of interpreta-
tion techniques such as SHAP, PFI, PDP, is increasingly available to 
explain the model’s output used to map soil erosion by water and wind. 
For example, Gholami et al., (2023b) applied a SHAP interpretation 
method to explain the output of a deep learning model used for mapping 
soil erosion by wind in central Iran, and they revealed that soil coarse 
fragment, vegetation cover and land use were the three most important 
variables contributing to the wind erosion model’s output. According to 
Mohammadifar et al. (2021), DEM-based variables (e.g., TWI, TRI, slope 
length, sediment connectivity index, and TPI) exhibited the highest 
contribution to the water erosion model’s output in the Kahorestan 
catchment, southern Iran. In another work, three variables consisted of 
clay content, silt content, and precipitation were recognized as the most 
important contributing factors on Middle East’s land susceptibility to 
dust emissions (Gholami and Mohammadifar, 2022). 

3.4. Integrated map of soil erosion by water and wind 

Among all ML models used to map the water and wind erosions, ANN 
and Cubist exhibited the highest accuracy for mapping land 

susceptibility to water erosion and wind erosion, respectively and the 
generated maps were based on these two models (Fig. 6). In a step for-
ward, these two models were combined to integrate water erosion and 
wind erosion concurrently in the studied catchment area (Fig. 8). It 
should be noted that it’s the first time that a combined map for soil 
erosion is constructed concurrently for wind and water erosion in south 
Iran. The results revealed that 7.7 %, 9.6 % and 3.4 % of the total area 
are characterized by very high susceptibility (VHS), VHS + high sus-
ceptibility (HS), and HS classes to soil erosion by water and wind, 
respectively (Table 5). Climate change (increase in temperature, 
decrease in precipitation, prolonged droughts) in the Middle East, 
combined with land use changes on steep slopes in the study area, are 
expected to significantly impact soil erosion and may cause environ-
mental challenges with negative atmospheric, climatic, social and eco-
nomic consequences (Nunes et al., 2011; Vahidipour et al., 2022). 
Intensified droughts resulted from climate change had a remarkable 
influence on the water resources in Iran, especially on the lakes in Fars 
Province and in southeastern parts of the country (Shahraki et al., 2017; 
Hashemi Monfared et al., 2017; Farrokhzadeh et al., 2020). Due to 
global warming and climate change, as well as increasing water de-
mands for agricultural, potable and industrial purposes, several dams 
were constructed in the upstream parts of the three lakes in Bakhtegan 
watershed, and the discharge into the wetlands was decreased remark-
ably. Nowadays, the dried lakebeds have been converted to local sources 
of dust and sand storms, thus modulating the climate, atmospheric 
conditions and air quality of the study area. Shiraz city, with a popu-
lation of about 1.8 million, is located in the Bakhtegan Basin and is 
highly affected by local dust storms originated from the dried lakes. 
Consequently, PM concentrations have increased in the city, which also 
suffers from large amounts of potentially toxic heavy metals transferred 
or adhered in dust particles, with deleterious effects on human health, as 
several recent works underlined (Keshavarzi et al., 2015; Moghtaderi 
et al., 2019; Torghabeh et al., 2020; Abbasi et al., 2021). Therefore, the 
current constructed map combining the effects of water and wind 
erosion on the arid lands in the Bakhtegan Basin is especially important 
for scientists working on the hydrological, geological, atmospheric and 
health topics, as well as for local authorities and policy makers for 
establishing the appropriate mitigation strategies in a way to protect 
land from further degradation and soil from excessive wind and water 
erosion. 

4. Conclusions 

This study is the first application of explainable ML modeling based 
on interpretation techniques and ML models to map land susceptibility 
simultaneously to water erosion and wind erosion in an arid catchment 
area in southern Iran with three desiccated lakes. 

The MARS feature selection algorithm was applied to identify the 
factors that influence water and wind erosion in the study area, among 
20 and 17 potential variables, respectively. The results showed that 10 
and 11 factors controlled the water and wind erosion, respectively, 
which are implemented in seven machine learning models in a way to 
provide the most reliable and accurate map for water and wind erosion 
in Bakhtegan watershed basin. The collinearity behavior among the 
effective variables was explored through the tolerance coefficient and 
variance inflation factor tests, which showed an insignificant correlation 
between the independent variables. The most accurate ML models for 
water and wind erosion in the Bakhtegan catchment area were found to 
be the artificial neural network (ANN) and Cubist, respectively, while an 
integrated model was developed for simultaneous mapping of soil 
erosion due to water and wind. The results indicated that 17.25 % of the 
total area is characterized by very high susceptibility to water erosion, 
while the respective fraction for the wind erosion was found to be 37.7 
%. 

Due to intensified droughts during the last two decades, construction 
of dams in the upstream parts of the three lakes, and dryness of the lakes, 

Fig. 7. SHAP plots indicating the contribution of the variables controlling a) 
water erosion, and b) wind erosion, on the model’s output. 
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the central-southern parts of the study area were converted to sources of 
dust and sand storms, also presenting high to very high susceptibility to 
water and wind erosion. 

Overall, integrated spatial maps of different environmental hazards 
(e.g., soil erosion, landslide, land subsidence, soil salinity, etc.) can 
provide accurate information for sustainable management and restora-
tion of different environments. On the other hand, interpretation of 
black-box model’s output is necessary to detect relationship between 
input variables and model’s output. Therefore, we recommend that 

future research should explore this lesser-known aspect (interpretation) 
of the spatial ML models through common techniques like PDP, LIME, 
ALE, SHAP, and other local and global interpretation techniques. 
Simultaneous mapping of land susceptibility to water and wind erosion 
over the arid and semi-arid areas is especially important for local au-
thorities, policy makers, scientists, and local habitants in order to apply 
environmental restoration techniques and to prevent further land 
degradation under a negative climate change projection for the Middle 
East region. 
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Table 5 
The area (in km2 and %) of land susceptibility classes to soil erosion by water 
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Water erosion Wind erosion Area (ha) Area (%) 

LS LS 2396 7.62 
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LS HS 3431 10.9 
LS VHS 5661 18 
MS LS 452 1.44 
MS MS 1317 4.2 
MS HS 2724 8.638 
MS VHS 2542 8.1 
HS LS 71 0.23 
HS MS 1254 4 
HS HS 1055 3.4 
HS VHS 1234 3.9 
VHS LS 0.5 0.002 
VHS MS 1211 3.85 
VHS HS 1789 5.7 
VHS VHS 2426 7.7  
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