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Wind erosion is a critical factor in land degradation worldwide, particularly in arid and semi-arid regions of
southern Iran, which have been severely exposed to wind erosion in the recent years due to climate change and
land use changes. The main objective of the present study was to predict the wind erosion rate (WER) using easily
measurable soil properties combined with some data mining approaches. For this purpose, the WER was
measured at 100 locations with different land uses and soil types in the Fars Province, southern Iran using a
portable wind tunnel. The WER was predicted by multiple linear regression (MLR), support vector regression
(SVR) and decision tree (DT) algorithms using easily measurable soil properties. Results revealed that land use
and soil type had significant effect on the WER. The highest mean WER was observed in Entisols with the lowest
organic matter (OM), the lowest penetration resistance (PR) and the lowest aggregate mean weight diameter
(MWD). Bare lands with the lowest OM and MWD showed the highest WER compared to other land uses. R2 and
RMSE of the non-linear regression models developed based on the type of the relationship between the WER and
easily measurable soil properties improved by 15% and 12%, respectively, compared to the linear regression
model. In both train and test datasets, the SVR and DT models coupled to a genetic algorithm (GA) used for
selecting the effective easily measurable soil properties had higher performance than the SVR and DT models
using all easily measurable soil properties for predicting WER. With respect to statistical indices, the SVR model
with R2 = 0.91 and RMSE = 0.68 g m− 2 s− 1 outperformed the MLR and DT for predicting the WER. We concluded
that combining the SVR with GA could be an applicable and promising method for predicting WER.

1. Introduction
Wind erosion is one of the main factors contributing to land degra
dation around the world (Zhang et al., 2020), especially in arid and
semi-arid regions like Iran. Fars province, in southern Iran, has a pop
ulation of around 5 million people who are mostly active in agriculture
and animal husbandry. Due to the climate conditions, wind erosion
occurs in most parts of this province. Thirty critical centers of wind
erosion with an area of 123,500 ha have been identified in the Fars
province. Particularly, many lakes in Fars have dried up and become a
potential source of dust containing salt and chemical pollutants that
blown away by wind erosion. Therefore, investigation of the wind
erosion rate in the Fars province is vital for policy makers to implement

conservation practices against wind erosion.
Wind erosion occurs when erosive winds blow over loose, dry, and
smooth soil surfaces with fine granulation and poor vegetation cover
(Rajabi Agereh et al., 2019). In fact, wind erosion is a function of two
factors: 1) the wind erosivity, which is related to the wind force, and 2)
the soil erodibility, which is the sensitivity of the soil to separation and
transmission by wind and is related to soil properties (Mozaffari et al.,
2021). Soil physical and chemical properties including soil particle size,
soil aggregate stability, surface roughness, organic carbon, and soil
moisture can influence the severity of the wind erosion; this is called the
wind erosion rate (Zamani and Mahmoodabadi, 2013; Sirjani et al.,
2019).
Over the last several decades, portable wind tunnels have been
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Fig. 1. Map of the Fars province in Iran with the geographical locations of the wind tunnel sites. DEM: Digital elevation model.

widely used to simulate and measure wind erosion in natural conditions
(Zobeck and Van Pelt, 2014). As the field measurement of soil erodibility
is labor-intensive, costly, time-consuming, and more importantly the
results are often regional, researchers have tended to use indirect
methods for predicting soil erodibility using easily measurable soil
properties and pedo-transfer functions (Shirani, 2016; Ostovari et al.,
2018). Using models for prediction of soil erosion is an advantageous
approach in dealing with vast areas of soil erosion on regional and global
scales. Modelling soil erosion by multivariate linear regression (MLR)
models have been frequently conducted (Vaezi et al., 2008; Ostovari
et al., 2016). However, only few studies have used the modern data
mining approaches that have been used to analyze data such as support
vector regression (SVR) and decision tree (DT) for predicting wind
erosion rate and its influential factors (Rezaei et al., 2018; Kouchami-
Sardoo et al., 2020).
SVR is a supervised machine learning algorithm based on statistical
learning theory and a structural risk minimization principle, which has
been successfully used for nonlinear system modelling (Pham et al.,
2018). SVR has been successfully used for predicting different soil
properties (Zhou et al., 2020) including cation exchange capacity (Liao
et al., 2014), soil moisture (Lamorski et al., 2013), soil hydraulic con
ductivity (Lamorski et al., 2008; Twarakavi et al., 2009), and soil
aggregate stability (Besalatpour et al., 2015).
DT is another powerful non-parametric algorithm for classification
and regression, which can deal with complex and non-linear relation
ship between phenomena. The nonparametric method refers to a type of
statistic that does not have assumptions. It can predict quantitative or
classified variables based on a set of quantitative and qualitative pre
dictor variables (Taghizadeh-Mahrajardi et al., 2014; Shekofte et al.,
2018). Few studies in various fields of soil science have used the DT for
predicting certain soil properties. Shirani et al. (2015) used the DT and
MLR for determining the soil hydraulic properties. Their results showed
that the efficiency of the DT was much better than the MLR. Hateffard
et al. (2019) showed that the DT model was very efficient in estimating
clay (R2 = 0.72), silt (R2 = 0.70), sand (R2 = 0.73), organic carbon (R2 =
0.71), and CaCO3 (R2 = 0.70).
Genetic algorithm (GA) has an evolutionary algorithm that can be
used with models like SVR. The GA is used to reduce dataset parameters

in order to increase the accuracy of prediction and reduce the execution
time of the proposed methods. The GA is often a good option for iden
tifying the most effective input parameters coupled to statistical models
for predicting soil properties (Taheri - Gravand et al., 2017). Combined
GA-SVR and GA-ANN were reported to be more effective for the pre
diction of some soil properties including particle size distribution,
aggregate mean weight diameter and calcium carbonate equivalent
(Kouchami-Sardoo et al., 2020; Huang and Wang, 2006). Although there
are studies on soil parameters related to soil erosion, they did not use
wind erosion rate in their models based on actual data collected in the
field. Specifically, the combination if GA and SVR is new in wind erosion
studies. However, very few studies have used DT and SVR models
coupled to GA for soil erosion estimation. Due to the inherent nature of
soil erosion (high spatial and temporal variability), it seems that ma
chine learning methods are able to cope with such complexity.
Despite the necessity for determining the wind erosion rate in
growing areas prone to wind erosion and dust emission, especially for
regions with limited soil conservation budgets, very few studies have
been performed to accurately predict the wind erosion rate using easily
measurable soil properties. Hence, the present study aimed 1) to mea
sure wind erosion rate in Fars Province using extensive wind tunnel
experiments in different land uses and soil types, 2) to predict wind
erosion rate using easily measurable soil properties and machine
learning algorithms, and 3) to determine the factors affecting wind
erosion rate using GA coupled to machine learning algorithms.
2. Material and methods
2.1. Study area
Fars province is located in the south central region of Iran, between
27◦ 2′ to 31◦ 42′ latitude and 50◦ 42′ to 55◦ 36′ longitude, covering an area
of 133,299 km2 (Fig. 1). Based on the De Marten aridity index, all parts
of Fars province have arid and semi-arid climate (Nafarzadegan et al.,
2012). The average annual rainfall in this province varies from 100 mm
in the southern part to around 400 mm in the northern part.
There are several critical dust-generating regions in the Fars province
(Rezaei et al., 2016) and the three main centers are located in Shiraz
2
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Fig. 2. General views of some of the study areas. a) Rangeland, b) Agriculture land, c) Bare Land, and d) Salt Land.

(29◦ 32′ N and 52◦ 36′ E), Eghlid (30◦ 54′ N and 52◦ 38′ E), and Abadeh
(31◦ 11′ N and 52◦ 40′ E) (Fig. 1). Several severe dust storms have been
reported in this province, such as on July 17, 1998, August 13, 2001,
April 24, 2008, August 28, 2013, and May 13, 2018 (Mazidi et al., 2015;
Abbasi et al., 2021). The maximum recorded wind speeds varies be
tween 30 m s− 1 (at 10 m height) in Abadeh and Shiraz and 45 m s− 1 (at
10 m height) in Eghlid. These high wind speeds are associated with west
to northwest directions in Shiraz, south to southwest directions in
Eghlid, and north directions in Abadeh (Sirjani et al., 2019).

different geographical locations and land uses were selected (Fig. 1),
containing a variety of soils with different physiochemical properties,
thus different potential for wind erosion. All wind erosion sites were flat
with slope <1% and poor vegetation cover. General views of some of the
study sites are presented in Fig. 2.
2.3. Soil sampling and analysis
Soil samples were collected from the first 3 cm of topsoil at 100 study
sites in the months May and June 2019. Random soil samples were
collected in triplicate from the places nearest to the wind tunnel runs
and transferred to the laboratory for soil analysis. Soil primary particles
including sand (0.05–2 mm), silt (0.002–0.05 mm) and clay (<0.002
mm) and gravimetric soil moisture were measured by hydrometer and
weight method, respectively (Page et al., 1992). In addition, the soil
aggregates size distribution (secondary particles) was obtained by dry
sieving method (Kemper and Rosenau, 1986). The mean weight diam
eter of the secondary particles was determined using Eq. (1).

2.2. Soil types and land uses
The soils of the study area are formed on calcareous and calcareousgypsum parent materials. Geologically, the Fars province is part of the
South Zagros fold, where dominant formations are Asmari-Jahrom,
Gachsaran, Pabdeh Gori, Aghajari, Quaternary (Q), and Mishan
known as the Fars group. The geological formations are generally
evaporative formations that contain high amounts of gypsum, salt,
carbonate, alluvial and colluvial deposits. In addition, the soluble
dolomite and calcite limestone of Sarvak formation and alluvial deposits
Q1 to Q3 are found in the study area. According to the previous studies
(Sadri et al., 2016), the highest wind erosion rate was observed in the
south of the province predominantly with Asmari calcareous formation,
which is basically composed of sensitive materials to erosion like lime
stones and marls. According to the Soil Taxonomy, soil types of the study
sites are mainly Aridisols (33%), Entisols (12%) and Inceptisols (55%).
Land use of the study site includes agriculture land (seasonal and
abandoned) (33%), bare land (4%), rangeland (52%), and salt land
(11%). The main land covers of the study area vary from natural vege
tation such as forests of wild pistachio, and pasture to agricultural crops
such as rice, maize, and wheat. One distinctive characteristic of bare
lands was the presence of sand sheets. For this study, 100 sites at

n
∑

MWD =

xi .wi

(1)

i=1

where n is the number of sieves, xi is the mean diameter of particles in
each size class, and wi is the mass ratio of particles in each size class.
In order to calculate the amount of stable soil aggregates in dry state,
the percentage of aggregates larger than 0.25 mm was determined using
the dry particle size distribution curve (Mahmoodabadi and Beigi,
2011). The wind-erodible fraction of soils was calculated using Chepil
equation (Eq. (2)) (López et al., 2007), which is related to the percentage
of aggregates smaller than 0.84 mm.
W ≤ 0.84
EF = (
)*100
TW
3
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Fig. 3. Schematic of the wind tunnel and the views of the wind tunnel set up in the field.

previous wind tunnel experiments. In each site, wind tunnel was
installed on the flat ground with little to no vegetation cover, rocks,
rubble or any surface disturbance and in the direction of the prevailing
wind (using a wind vane). The portable wind tunnel used in this study
has a 2.5 m long working section, a cross section of 0.3 m × 0.3 m, a test
area with dimensions of 1 m × 0.3 m for contacting with the soil surface
or soil samples and an 8 m sediment collector, which has a two-layer
cyclone made of plastic. This plastic catcher has no effect on the wind
conditions due to the holes with 0.1 m diameter that have been created
on the top part of the outer plastic tube to egress the wind flow. After
deposition of the wind-eroded particles (creeped, saltated and sus
pended particles) at the sediment catcher, the clean wind passes through
the holes. A detailed description, design and operation of the used wind
tunnel can be found in Sirjani et al. (2019). The same device has been
employed successfully in other wind erosion studies (Azimzadeh et al.,
2008; Asl et al., 2019; Rezaei et al., 2019; Sirjani et al., 2019; Koucha
mi-Sardoo et al., 2020; Mina et al., 2021).
In order to investigate the relationship between the wind erosion rate
and the soil properties, in-situ wind tunnel experiments were conducted
at a constant wind velocity of 15 m s− 1 for the duration of 10 min, which
was well above the deflation threshold (the velocity at which soil par
ticles start to move) of the soils of study areas. It is worth mentioning
that winds are considered erosive when they reach a velocity further
than this threshold velocity (Zobeck and Van Pelt, 2014). The mean,
maximum and minimum threshold velocity were, 7.21, 12.5 and 1.50 m
s− 1, respectively. Therefore, the velocity of 15 m s− 1 approximated the
maximum potential wind speed for wind erosion at the study areas. At
the end of each experiment, the eroded sediments were collected from

where EF is the erodible fraction of the soil (%), W ≤ 0.84 (%) is the
weight of aggregates smaller than 0.84 mm in diameter (g), and TW is
the total weight of the soil sample (g).
The resistance of the soil surface to compression force was measured
using a pocket penetrometer (ELE, 29-3729) according to Bradford
(1986), and the percentage of surface gravel cover was determined using
the photography method (Sirjani et al., 2019).
Soil organic matter was obtained by loss on ignition (LOI) method, in
which approximately 20 g of soil sample was placed in a crucible for 3 h
in an oven at 550 C (Hoogsteen et al., 2015). The calcium carbonate
equivalent was measured by titration with hydrochloric acid and the
gypsum was measured by titration with acetone (Nelson, 1982). Elec
trical conductivity was obtained in saturated paste extract using EC
meter and the soil sodium (Na+) was measured by a flame photometer
(Nelson, 1982). The calcium (Ca2+) and magnesium (Mg2+) were
measured by titration method (Page et al., 1982). Finally, the sodium
adsorption ratio (SAR) was obtained according to Eq. (3), where the
concentrations of soluble cations are expressed in meq L− 1:
Na+
SAR(meqL− 1 )0.5 = √̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Mg+ +Ca2+
2

(3)

2.4. Wind tunnel experiments
Extensive wind tunnel experiments were performed at 100 selected
sites with three replicates. All three replications were done on the same
surface type and land use, but not overlapped with the footprints of
4
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Fig. 4. The process of predicting wind erosion rate. WER: Wind erosion rate; DT: Decision tree; SVR: Support vector regression; GA: Genetic algorithm, R2: Coef
ficient of determination; ME: Mean error; RMSE: Root mean squared error.

the wind tunnel catcher and then weighted in the laboratory. The wind
erosion rate in g m− 2 s− 1 was determined by dividing the sediment mass
by surface area and duration of the experiment (Liu et al., 2007).
Schematic of the wind tunnel together with the view of the wind tunnel
set up in the field are shown in Fig. 3.

(4)

yi = B0 + B1 Xi1 + B2 Xi2 + ... + Bn Xin + ∈

where, n is the number of observations, yi is the ith dependent variable,
xi is the ith explanatory variable, B0 is the intercept (constant term), Bn is
the slope coefficient for each explanatory variable, and ε is the model’s
error term.
Moreover, multicolinearity among predictor variables was checked
by the variance inflation factor (VIF) as follows:

2.5. Model development
The flowchart of the wind erosion modelling is given in Fig. 4. Prior
to modelling, the data collected from 100 sites were randomly divided
into two datasets including train set (70% of the data) and test set (30%
of the data). In addition, the soil properties were tested for normality
using the Kolmogorov–Smirnov test. The student t-test was used for the
evaluation of the differences between the train and test datasets.

VIF =

1
1 − R2j

(5)

where R2j is the adjusted R2. Variables with a VIF >5 were removed from
the model. Besides, the F-test was used to test the significance of the
regression model at the confidence level of 95%.
As a linear relation was initially assumed between wind erosion rate
and easily measurable soil properties, a straight line was imposed on the
scatter plot. In addition to the linear regression, a non-linear/
logarithmic relation in the form of Y= B0+B1 ln(X) was fitted on some
of the scatter plots and then multiple non-linear regression (MNLR) was

2.5.1. Regression
MLR is a regression method in which two or more independent
variables (easily measurable soil properties in the present study) are
used to analyze a dependent variable (wind erosion rate in the present
study) as follows:

Table 1
Statistical analysis of the soil properties and wind erosion rate, Range (minimum – maximum), mean values, standard deviation (SD) and coefficient of variation (CV).
a: significant difference (p < 0.05).
Unit

Range
Train

Sand
Silt
Clay
Gravimetric soil moisture
Aggregate mean weight diameter
Soil organic matter
Calcium carbonate equivalent
Gypsum
Dry stable aggregates
Erodible fraction
Soil surface gravel cover
Penetration resistance
Electrical conductivity
Sodium adsorption ratio
Soil wind erosion rate

%
%
%
%
mm
%
%
%
%
%
%
Kg cm− 2
ds m− 1
(meq L− 1)0.5
g m − 2 s− 1

10.68–85.56
4.64–60.72
6.6–38.96
0–2.48
0.17–0.90
0.04–3.43
35.93–92.30
0–3.98
17.88–89.62
57.52–100
1.01–21.59
0.4–3.4
0–189.71
0.38–989.78
0.10–15.24

Mean ± SD
Test

Train

22.12–89.56
4.72–52.72
3.72–30.96
0.02–2.14
0.16–0.82
0.09–6.00
40.42–75.24
0–2.9
21.81–95.13
63.88–100
1–17.22
0.26–2.7
0–137.9
0–745.5
0.03–10.16

5

CV (%)
Test

a

40.99 ± 18.07
36.48a ± 14.17
22.51a ± 6.58
1.11a ± 0.65
0.58a ± 0.17
0.94a ± 0.68
55.42a ± 11.40
0.91a ± 0.70
62.98a ± 15.51
78.98a ± 10.44
8.91a ± 4.41
1.39a ± 0.69
21.01a ± 48.47
108.40a ± 230.67
2.38a ± 2.61

a

44.30 ± 17.72
34.44a ± 13.32
21.25a ± 7.13
1.06a ± 0.63
0.57a ± 0.16
1.11a ± 1.10
54.42a ± 9.57
0.94a ± 0.71
67.03a ± 14.59
80.42a ± 10.41
8.75a ± 3.75
1.4a ± 0.68
16.72a ± 36.27
117.86a ± 207.14
2.36a ± 2.25

Train

Test

44.09
38.85
29.24
58.29
28.93
72.62
20.57
76.90
24.62
13.22
49.49
50.24
230.71
212.77
109.79

40.00
38.68
33.56
59.15
28.84
98.64
17.59
75.82
21.76
12.94
42.91
49.25
216.86
175.75
95.55
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developed based on the type of the relationship between wind erosion
rate and easily measurable soil properties.
2.5.2. Machine learning
In order to predict the wind erosion rate by easily measurable soil
properties, two machine learning algorithms including DT and SVR were
used considering two scenarios. In the first scenario, all easily measur
able soil properties (Table 1) were employed as input variables for
predicting the wind erosion rate. In the second scenario, the GA was
used to select the effective input parameters and then the selected pa
rameters were considered as input for the DT and SVR models.
The structure of DT is based on three principles which is described in
detail by Breiman et al. (1984). For predicting the wind erosion rate, the
maximum number of nodes in the DT model were set to 30 and the
breaking condition of nodes was based on the variance. SVR has also
special features for dealing with complex nonlinear data which is pro
posed by Cortes and Vapnik et al. (1997). In this study, the kernel and
type of SVR were set as linear function and epsilon-SVR, respectively.
The penalty parameter (C) that controls the distance from epsilon was
acquired using a systematic grid search technique, and the optimal pa
rameters were determined after the minimum RMSE was obtained using
holdout cross-validation.
Given that the most important principle in modelling is to provide a
simple model with a minimum number of input parameters, GA with
binary coding (0 and 1) was used. The single-point operation was
employed for the recombination operations. In this one-point operation,
one point was selected for the crossover operators, and then the two
population segments were replaced. After selecting the population,
some of the genes of the population were selected for the mutation op
erations and the values of these genes were reversed. Finally, N superior
populations were selected to produce the new generation. The param
eters of GA used in the present study were set 20, 20, 0.7, and 0.3 for
population number, iteration number, crossover percentage, and mu
tation percentage, respectively.
The SVR model was implemented using LIBSVM library (Chang and
Lin, 2011) and all models were performed in MATLAB 2019 program
ming environment.

Fig. 5. Pearson correlogram of soil physiochemical properties and WER. GSM:
Gravimetric soil moisture; MWD: Aggregate mean weight diameter; OM:
Organic matter; CCE: Calcium carbonate equivalent; DSA: Dry stable aggre
gates; EF: Wind-erodible fraction; GC: Soil surface gravel cover; PR: Penetration
resistance; EC: Electrical conductivity; SAR: Sodium adsorption ratio; WER:
Wind erosion rate. Superscripts * and ** represent p < 0.05 and p < 0.01,
respectively.

of aggregates and thus reduce wind erosion rate (Kouchami-Sardoo
et al., 2020). In contrast, the soils had high amounts of calcium car
bonate equivalent (mean = 54.92%), which was associated to the
calcareous parent materials in southern Iran. This is also one of the
factors that control the stability of soil structure, which can lead to the
aggregation of primary particles. In coarse-grained soils with low
amounts of clay and silt, the calcium carbonate equivalent can reduce
soil erosion by bonding between sand particles and the formation of
aggregates. The effect of calcium carbonate equivalent on erosion de
pends on soil texture, and therefore calcium carbonate equivalent
improved aggregation only in sandy and loamy sand soils. The soil of the
study area had a wide range of sodium adsorption ratio and electrical
conductivity including saline and non-saline soils. Compared to other
features, the CV of sodium adsorption ratio and electrical conductivity
were high (CV > 35% according to Wilding, 1985). The erodible fraction
had the lowest coefficient of variation (CV) for train (13.22%) and test
datasets (12.94%). The wind erosion rate ranged from 0.03 to 15.24 g
m− 2 s− 1, showing a very different wind erosion potential across the
study area. According to the wind erosion rate value, the highest wind
erosion rate (15.24 g m− 2 s− 1) was observed in the southwest of the Fars
Province with a sandy texture and very poor vegetation cover. In addi
tion, this area had the lowest surface gravel cover and gravimetric soil
moisture and is known as the most critical centre of wind erosion in the
Fars Province (Rezaei et al., 2016). While the lowest wind erosion rate
was found in the northwest and north parts of the Fars Province where
soils had mainly clay loam texture and were under rangeland (Sirjani
et al., 2019).
Fig. 5 shows the Pearson correlation coefficient between the wind
erosion rate and the easily measurable soil properties. The sand, calcium
carbonate equivalent, and erodible fraction had a significant positive
correlation (0.64, 0.76 and 0.6, respectively) with wind erosion rate.

2.6. Model evaluation
To evaluate the performance of the models, three evaluation criteria
including the coefficient of determination (R2), the mean error (ME) and
the root mean squared error (RMSE) were used (Ostovari et al., 2018).
Comparison of variables in the train and test datasets was fulfilled with
t-test (p ≥ 0.05). Statistical analyses were run by STATISTICA 8 software
(StatSoft, 2011).
3. Results and discussion
3.1. Soil properties
Table 1 shows the statistical summary of the wind erosion rate
measured by the wind tunnel and the soil properties for both train and
test datasets. The t-test proved that there was no significant difference
between soil properties in the train and test datasets (Table 1). There
were eight different soil texture classes according to USDA classification
in the study areas, confirming a different potential for wind erosion.
Furthermore, gravimetric soil moisture contents were low with an
average of 1.11%. The soil moisture was below the highest allowed soil
moisture, so that wind erosion process to guaranteed to happen (Nour
zadeh et al., 2013; Bento et al., 2017). All the study soils had a low
amount of soil organic matter with a mean of 0.94% and 1.11% for train
and test datasets, respectively. Soil organic matter is one of the most
important soil properties that acts as a binding agent for primary soil
particles in aggregate formation (Barton et al., 2016). In fact, preserving
or increasing soil organic matter can improve the stability and formation
6
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Fig. 6. Comparison of mean MWD, PR, OM, CaSO4, and WER in different soil types. MWD: Aggregate mean weight diameter; PR: Penetration resistance; OM:
Organic matter; CaSO4: gypsum content; WER: Wind erosion rate.

While, clay, gravimetric soil moisture, aggregate mean weight diameter,
dry stable aggregates, and surface gravel cover were significantly
negatively correlated with wind erosion rate. No significant relationship
was found between wind erosion rate and gypsum, electrical conduc
tivity, and sodium adsorption ratio, indicating that wind erosion is
generally controlled by the physicalsoil properties and soil surface
conditions (Fig. 5). In general, soil texture and aggregate mean weight
diameter play an important role in soil sensitivity to wind erosion
(Pásztor et al., 2016) and, fine-textured soils with higher amount of clay
content are less erodible compared to coarse-grained and aggregated
soils (Colazo and Buschiazzo, 2010). Sand particles (r = 0.64, p < 0.05)
are easily separated and moved by the wind due to the lack of adhesion;
however, clay particles with high specific surface area are resistant to
wind erosion due to their strong adhesion (Li et al., 2015). As afore
mentioned, clay is a key factor for soil particles flocculation and soil
aggregation (Sirjani et al., 2019). In the present study, due to the
calcareous parent materials, Ca2+ and Mg2+ were the predominant ions
in the soil solution which promote flocculating the clay particles and
increase the aggregate size and aggregate stability (Ostovari et al.,
2020). In contrast, in the sodic soils, Na+ is the main ion, which leads to
instability of aggregates and dispersion of soil particles. The similar
results were reported by Sirjani et al. (2019) and Kouchami-Sardoo et al.
(2020).
The relationship between soil types and soil properties are presented
in Fig. 6. The mean values of penetration resistance and aggregate mean
weight diameter in the Entisols were significantly (p < 0.05) higher than
Aridisols and Inceptisols. However, no significant difference was
observed between the Aridisols and Inceptisols. In addition, the mean
soil organic matter of the Inceptisols (1.08%) was significantly higher
than Aridisols (0.93%) and Entisols (0.80%). Soil gypsum content
significantly differed in different soil types (P < 0.05). The highest
gypsum was observed in the Aridisols followed by Inceptisols and

Entisols.
The mean wind erosion rate was significantly lower (45.71%) in the
Inceptisols (2.09 g m− 2 s− 1) than Entisols (3.85 g m− 2 s− 1); however, no
significant difference was observed between Aridisols and Inceptisols.
According to Fig. 6, Inceptisols had a higher aggregate mean weight
diameter compared to Aridisols and Entisols due to the higher content of
soil organic matter, which indicated that Inceptisols were more resistant
to wind erosion compared to other soil types (Feiznia et al., 2005;
Ostovari et al., 2016). The soil organic matter content in the Entisols was
lower than Aridisols and Inceptisols. Similarly, Ostovari et al. (2020)
pointed out a positive relationship between aggregate mean weight
diameter and soil organic matter. Rashidi et al. (2011) found that soil
erosion mainly occurs in the Entisols with limited soil development.
Moreover, Ostovari et al. (2020) showed that Inceptisols had a higher
soil loss tolerance (T-value) compared to Entisols. They concluded that
the T-value was significantly linked to the soil type. A negative rela
tionship between soil moisture with wind erosion rate (r = − 0.62, p <
0.05) has been also well documented in many studies (Han et al., 2009.,
Sirjani et al., 2019). Soil moisture affects the intensity of wind erosion by
exerting adhesion between the soil particles, boosting the resistance of
particles to wind erosion (Wiggs et al., 2004). Kouchami-Sardoo et al.
(2020) and Sirjani et al. (2019) highlighted calcium carbonate equiva
lent as a main factor in calcareous soils related to wind erosion, which is
in agreement with our results. In contrast, in Argentina, no significant
relationship was found between soil erosion and calcium carbonate
equivalent (Colazo and Buschiazzo, 2010). Soil gypsum, which is
slightly dissolved in water, can bond clay particles and create more
stable aggregates by releasing ions like Ca2+ (Enayati et al., 2011).
The wind erosion rate is largely affected by the penetration resis
tance of the soil surface crust. This helps to conserve the soil particles
against wind erosion forces. Our results showed a strong positive rela
tionship between penetration resistance and wind erosion rate, which is

Fig. 7. Comparison of mean MWD, PR, OM, CaSO4 and WER in different land uses. MWD: Aggregate mean weight diameter; PR: Penetration resistance; OM: Organic
matter; CaSO4: gypsum content; WER: Wind erosion rate.
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penetration resistance (1.74 Kg Cm− 2) was observed in salt lands fol
lowed by rangelands and agricultural lands. Bare lands had the lowest
penetration resistance (1.14 Kg Cm− 2) compared to other land uses.
However, no significant difference was found between rangelands (1.38
Kg Cm− 2) and agricultural lands (1.33 Kg Cm− 2). Interestingly, aggre
gate mean weight diameter in different land uses had the same order as
penetration resistance. It means that the highest and the lowest aggre
gate mean weight diameter were found in salt lands and bare lands,
respectively. It can be concluded that soils in salt lands are more stable
and resistant to erosion due to the presence of different flocculation
agents. In addition, penetration resistance was very high in salt lands
that can be related to the formation of crust on the soil surface. Land use
showed a significant effect (P < 0.05) on soil organic matter as well. The
maximum soil organic matter was found in salt lands (1.72%) followed
by agricultural lands (0.59%). It seems that in the salt lands the mi
crobial activities are limited due to the low soil water content and high
electrical conductivity, therefore, lower soil organic matter

Fig. 8. Soil particle size distribution in different land uses.

supported by Yan et al. (2015), Mina et al. (2020) and Kouchami-Sardoo
et al. (2020).
Figs. 7 and 8 illustrate the effect of different land uses on the wind
erosion rate and some soil physicochemical properties. The highest

Fig. 9. Relationship between the wind erosion rate and some soil properties (N = 100).
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Fig. 10. Scatter plots of predicted versus measured WER by MLR and MNLR. a) Train set (N = 70), b) Test set (N = 30). WER: Wind erosion rate; MLR: Multiple linear
regression; MNLR: Multiple non-linear regression.

decomposition. Moreover, the highest gypsum content was found in the
salt lands followed by agriculture lands, rangelands and bare lands
(Fig. 7).
Bare lands with a mean wind erosion rate of 6.45 g m− 2 s− 1 had the
highest wind erosion rate among all land uses, about 5 times higher than
salt lands. However, there was no significant difference among other
land uses regarding wind erosion rate. In bare lands due to the lack of
vegetation cover and the presence of sand sheets, soils had low soil
organic matter content and weak aggregates (Hajabbasi et al., 2008),
resulting in an increase of wind erosion rate. In contrast, soils in ran
geland and agricultural lands had higher soil organic matter content
compared with bare lands due to the existence of plant roots that can
consequently increase the soil penetration resistance (Mirhasani et al.,
2018) and reduce the wind erosion rate. Ghorbani et al. (2013), and
Sirjani et al. (2019) found that the soil aggregate stability in rangelands
is closely related to the intensive plant root system as well as the pro
duction of polysaccharides by roots.
Alkharabsheh et al. (2013) and Feizizadeh (2017) introduced land
use change as the main reason for soil erosion. Esfandiari et al. (2014)
reported that rangelands had the lowest wind erosion rate compared to
other land uses. Regarding the important effect of land use on soil
erosion, Santos et al. (2017) showed that converting grassland to arable
land leads to remarkably increase in soil erosion rate due to the agri
cultural practices.
Fig. 8 shows clay, silt and sand content in different land uses. Bare
lands also showed the lowest clay content (11.97%) and the highest sand
content (69.12%) compared to other land uses (Fig. 8). This was also
confirmed in the field where bare lands were covered by sand sheets.
Sand content in the bare lands was around three and four times higher
than slit and clay, respectively (Fig. 8), which are supported with the
results of Martinez-Mena et al. (2008) and Vahabzadeh Kebria et al.
(2016).

Table 2
Evaluation statistics of measured versus predicted wind erosion rate using MLR
and MNLR models.
Method
MLR
MNLR

R2

Train-set

Test-set

Train-set

Test-set

Train-set

Test-set

0.00
0.00

0.07
0.06

1.40
1.04

1.26
0.91

0.71
0.83

0.69
0.84

of the relationship between wind erosion rate and easily measurable soil
properties as follows:
WER(non − linear) = 6.47 − 5.73Log10 (Clay) − 0.99Log(GSM)
+ 0.06(CCE)R2 = 0.83

(7)

where GSM is the gravimetric soil moisture (%), CCE is calcium car
bonate equivalent (%) and WER is wind erosion rate (g m− 2 s− 1). Fig. 10
shows the measured wind erosion rate versus the predicted wind erosion
rate using the MLR and MNLR models in both train and test datasets. In
both datasets, the points are well-scattered around 1:1 line for MNLR
compared to MLR, which shows the better performance of the MNLR
model.
The statistical indices of the MLNR and MLR models in predicting the
wind erosion rate are presented in Table 2. The MNLR model in both
datasets provided better results for the prediction of wind erosion rate
compared to MLR. The MNLR model (Eq. (7)) with R2 = 0.83 showed
higher performance compared to the linear model (Eq. (6)) for pre
dicting the wind erosion rate (R2 = 0.71) (Fig. 10). In the test dataset, R2
and RMSE improved by 15% and 12%, respectively. This result reveals
the importance of considering the type of relationship between depen
dent and independent variables for model development.
Ostovari et al. (2015) showed that the developed non-linear model
based on the type of the relationship between FC and soil properties had
a higher performance than simple linear regression model for predicting
FC. Similarly, Nikseresht et al. (2019) developed a non-liner regression
model for predicting the cation exchange capacity (CEC) which per
formed better than the linear regression model. As described in Fig. 9,
wind erosion rate had a strong logarithmic relationship with clay and
gravimetric soil moisture, as the influential parameters for the predic
tion of wind erosion rate.

Among all easily measurable soil properties (see Table 1), silt, clay,
gravimetric soil moisture, soil organic matter, calcium carbonate
equivalent, dry stable aggregates, gypsum, and penetration resistance
(VIF <5) were considered as input parameters for developing the
regression models. Among the selected parameters, clay and calcium
carbonate equivalent had a significant coefficient (p < 0.05) and
appeared in the following developed model (Eq. (6)):
R2 = 0.71

RMSE (g m− 2s− 1)

MLR: multiple linear regression, MNLR: multiple non-linear regression; ME:
Mean error; RMSE: Root mean squared error, R2: Coefficient of determination.

3.2. Prediction of wind erosion rate using MLR and NMLR models

WER(Linear) = − 0.96 + 0.12(CCE) − 0.16(Clay)

ME (g m− 2s− 1)

(6)

3.3. Prediction of wind erosion rate using machine learning algorithms

where CCE is calcium carbonate equivalent (%) and WER is wind
erosion rate (g m− 2 s− 1). As can be seen in Fig. 9, the relationship be
tween wind erosion rate and some soil properties was not entirely linear.
Therefore, the MNLR was applied for predicting the wind erosion rate
using the selected easily measurable soil properties considering the type

3.3.1. Scenario 1: model development using all soil properties
In the first scenario, the SVR and DT algorithms were used for pre
dicting the wind erosion rate considering all easily measurable soil
properties. The decision tree (output of the DT) created based on the
9
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Fig. 11. Decision tree model for wind erosion rate. WER: Mean wind erosion rate per node; GSM: Gravimetric soil moisture; MWD: Aggregate mean weight diameter;
EF: Wind-erodible fraction; GC: Soil surface gravel cover; PR: Penetration resistance; CCE: Calcium carbonate equivalent; EC: Electrical conductivity; SAR: Sodium
adsorption ratio; DSA: Dry stable aggregates; OM: Organic matter.

relationship between the input variables and the wind erosion rate is
presented in Fig. 11.
In the first node (parent node), classification was based on sand
content which was significantly correlated to the wind erosion rate (r =
0.64; p < 0.05; see Fig. 5). In this node, sand was divided into two parts
at 80.9%. As can be seen in Fig. 9a, the relationship between sand and
wind erosion rate increased smoothly-linearly up to 80.9% of sand,
while after that, no clear relationship was found between the wind
erosion rate and sand. At the second node (first child node) on the right
side (sand >80.9%), no division was found, whereas the left child node
(sand <80.9%) was divided based on gravimetric soil moisture followed
by aggregate mean weight diameter, surface gravel cover, penetration
resistance, erodible fraction, silt, electrical conductivity, sodium
adsorption ratio, calcium carbonate equivalent, dry stable aggregates,
clay and soil organic matter. In the DT, the third division was based on
the gravimetric soil moisture, which had a negative significant corre
lation with wind erosion rate. The division point for gravimetric soil
moisture was 0.68%. The wind erosion rate decreased logarithmically
down to gravimetric soil moisture = 0.68% and then slightly linearly
decreased (Fig. 9c). aggregate mean weight diameter was another
important parameter for predicting the wind erosion rate, which
appeared in the early nodes due to its high correlation with wind erosion

rate (r = − 0.69; p < 0.05). As shown in Fig. 9f, the wind erosion rate
decreased non-linearly and sharply down to aggregate mean weight
diameter = 0.56 mm and then smoothly linearly decreased with
increasing the aggregate mean weight diameter. Kheirabadi et al. (2018)
reported a non-linear significant relationship between soil erosion in
tensity and aggregate mean weight diameter. Another important soil
property for wind erosion rate prediction was surface gravel cover,
which was significantly negatively correlated to the wind erosion rate (r
= 0.61; p < 0.05). The surface gravel cover appeared in the early nodes
and was divided at 10.93%, which is a point where the non-linear
relationship between wind erosion rate and surface gravel cover
changed to a linear relationship. The soil organic matter appeared in the
lowest node, which was in accordance with its correlation with the wind
erosion rate.
3.3.2. Scenario 2: model development based on the selected effective
parameters
In the second scenario, the selected parameters by GA were used for
predicting the wind erosion rate using SVR and DT models. First, the
effective parameters for each model were selected using the GA and then
the efficiency of the models were re-evaluated.
Table 3 presents the selected effective parameters as inputs using GA
10
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scenario 2 improved 5% and 30%, respectively, compared to the SVR
model in scenario 1 (Table 4). Our results showed that models based on
data mining approaches coupled to GA could improve the accuracy of
the predictions (Fig. 12).
The application of the SVR method requires less parameters while
producing more accurate and precise results (Khlosi et al., 2016).
Therefore, it seems that in areas with low available data and non-linear
relationships between input and output variables, nonlinear methods
such as SVR gives better results than common conventional methods like
linear regressions. Similar results were obtained by Zakernia and
Ghorbani (2013) for determining the soil moisture characteristic curve
using the DT model, and Twarakavi et al. (2009) for estimating soil
hydraulic conductivity using SVR model.
According to Table 4, it is clear that selecting the influential pa
rameters for wind erosion rate prediction using GA before the model
application can increase the accuracy of the results. Finally, clay,
gravimetric soil moisture, aggregate mean weight diameter, Calcium
carbonate equivalent and erodible fraction were introduced as the most
effective parameters for wind erosion in Fars province. Using these pa
rameters, a reasonable prediction of wind erosion rate can be achieved,
while reducing complexity and saving time and cost. Our results
revealed that the introduced method of scenario 2 is a promising tool for
quantitative estimation of wind erosion rate with the highest R2 and the
lowest RMSE.

Table 3
Effective parameters in wind erosion rate prediction using Genetic algorithm
(GA).
Method

Num.

Important parameters

DT
SVR

7
5

Clay, GSM, MWD, OM, CCE, DSA, EF
Clay, GSM, MWD, CCE, EF

DT: Decision tree; SVR: Support vector regression; GSM: Gravimetric soil
moisture; MWD: Aggregate mean weight diameter; OM: Organic matter; CCE:
Calcium carbonate equivalent; DSA: Dry stable aggregates; EF: Wind-erodible
fraction.

for the SVR and DT models. The clay, gravimetric soil moisture, aggre
gate mean weight diameter, calcium carbonate equivalent, and erodible
fraction as inputs parameters lead to the accurate estimation of wind
erosion rate. In other words, these parameters had great impact on the
prediction performance of the models due to their higher importance in
wind erosion process. As given in Table 3, based on the performance of
the GA, the most effective parameters were identified for the prediction
of wind erosion rate. Kouchami-Sardoo et al. (2020) used GA to find
effective parameters in estimating the intensity of wind erosion. Their
results showed that soil texture, aggregate stability, calcium carbonate
equivalent, and surface gravel percentage were the effective factors in
the estimation of wind erosion. Luo et al. (2019) reported that GA-SVR
model was better than the SVR and linear regression models by
achieving the lowest RMSE (0.017) and higher R2 (0.98). Soil erodibility
is simultaneously controlled by surface factors and soil properties (such
as surface gravel percentage, aggregate size, and soil texture) (Liu et al.,
2007; Zamani and Mahmoodabadi, 2013). According to Sirjani et al.
(2019), the characteristics of soil surface including the gravel percent
age, aggregate stability, clay percentage, and soil moisture are the most
important physical properties affecting soil erosion. While soil organic
matter is the most effective chemical property for reducing the wind
erosion rate.
The measured wind erosion rate versus predicted wind erosion rate
using the machine learning algorithms (scenario 1 and 2) for both train
and test datasets are presented in Fig. 12 and Table 4. In both datasets,
the developed models from scenario 2 (GA - DT and GA - SVR) per
formed better than scenario 1 (DT and SVR) in prediction of wind
erosion rate (Fig. 12). Results showed that the GA - DT and GA – SVR
models (RMSE = 0.87, and RMSE = 0.68 g m− 2 s− 1, respectively) were
able to predict wind erosion rate with better accuracy compared with DT
and SVR (RMSE = 1.24, and RMSE = 0.98 g m− 2 s− 1, respectively). It
likewise shows that there is no overfitting in the model prediction,
despite the fact that R2 has a high value for the training dataset
(Esfandiarpour-Borujeni et al., 2018).
In both scenarios, the SVR provided better results compared with DT
model in prediction of the wind erosion rate. The R2 and RMSE of the DT
model in scenario 2 improved by 13% and 37%, respectively, compared
to the DT in the scenario 1. Similarly, R2 and RMSE of the SVR model in

4. Conclusion
In the present study, we modelled soil wind erosion rate using easily
measurable soil properties and multiple linear regression (MLR), sup
port vector regression (SVR) and decision tree (DT). The results showed
that the wind erosion rate was significantly influenced by soil type and
land use. Inceptisols with the highest organic matter and aggregate
mean weight diameter had the lowest wind erosion rate. Among the land
Table 4
Evaluation statistics of measured versus predicted wind erosion rate using DT,
SVR, GA - DT, and GA - SVR algorithms.
Method

Scenario
1
Scenario
2

DT
SVR
GADT
GASVR

ME (g m-2 s− 1)

RMSE (g m−
s− 1)

2

R2

Trainset

Testset

Trainset

Testset

Trainset

Testset

0.00
0.00
0.00

0.03
0.01
− 0.27

0.94
0.83
0.84

1.24
0.98
0.87

0.87
0.94
0.89

0.76
0.86
0.89

− 0.03

− 0.10

0.61

0.68

0.98

0.91

DT: Decision tree; SVR: Support vector regression; GA: Genetic algorithm; ME:
Mean error; RMSE: Root mean squared error.

Fig. 12. Scatter plots of predicted versus measured wind erosion rate by DT, SVR, GA-DT and GA-SVR. a) Train set (N = 70), b) Test set (N = 30). DT: Decision tree;
SVR: Support vector regression; GA: Genetic algorithm.
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uses, salt lands with the highest penetration resistance showed the
lowest WER. Results also revealed that non-linear regression model had
higher performance than linear regression model. Among the algo
rithms, the Genetic algorithm (GA) - SVR model (R2 = 0.91 and RMSE =
0.68 g m− 2 s− 1) in which the selected easily measurable soil properties
by the GA were used, outperformed the regression model and DT for
predicting the wind erosion rate. We concluded that this method is able
to assess large areas prone to wind erosion and dust emission with a
good accuracy and can help policy makers to justify priorities for soil
conservation practices. To get a better view of the performances of
machine learning methods in wind erosion studies, we recommend
comparing other data-mining approaches such as random forest and
artificial neural networks for predicting wind erosion rate for the future
studies. It should be noted that this study only focused on the estimation
of wind erosion rate as a function of soil properties. Therefore, to get a
better understanding of wind erosion, further studies extending the
developed methodology using more gradients of wind speeds and
environmental data are also recommended.
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