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Understanding and consequent modeling of soil wind erodibility is hampered by the complex nature of the
eroding processes and limited empirical data. It is often necessary to resort to robust approaches capable of
ﬁnding correlated patterns among soil erodibility magnitudes and their drivers. To signify soil erodibility to
wind, we used a portable wind tunnel to measure wind erosion rate (g m−2 s−1) at a total of 118 sites in Kerman
Province, southeast Iran. At each sampling site, 17 diﬀerent factors aﬀecting soil erodibility were measured.
Gravel coverage, surface crust, very ﬁne and very coarse sands, aggregate stability, and calcium carbonate
equivalent (CCE) were introduced as the more important parameters aﬀecting soil erodibility by hybrid Genetic
Algorithm-Artiﬁcial Neural Network (GA-ANN). A Multi-Layer Perception (MLP) neural network was developed
to predict erodibility changes in response to spatial variation of the selected features. The developed MLP-model
provided a strong basis for the prediction of soil erodibility, where the coeﬃcient of determination (R2) values of
0.89 and 0.87 were obtained by comparing the measured and predicted wind erosion rates for the training and
testing data, respectively. The acceptable levels of the statistical validation criteria were also an indication of the
proper performance of the model. Furthermore, the soil erodibility was sensitive respectively to surface crust,
very ﬁne sand, and very coarse sand parameters.

1. Introduction
Wind erosion is increasingly seen as one of the principal causes of
land degradation in arid and semi-arid regions (Sterk and Raats, 1996;
Pierre et al., 2014). Globally, about 549 million ha of the lands suﬀer
from wind erosion, of which 296 million ha are severely aﬀected (Lal,
2003). Wind erosion occurs as a result of desert-like climate conditions
such as high evaporation, low total annual rainfall as well as low vegetation density and smooth land surface (Sterk and Raats, 1996; Sterk
et al., 2012; Kheirabadi et al., 2018). Degradation of soil fertility and
productivity (Yan et al., 2018), emission of ﬁne soil particles into the
atmosphere and air pollution (Webb et al., 2017; Pi and Sharratt, 2017;
Pi et al., 2017), and burial of railways, farmlands and settlements
(Santra et al., 2017) are examples of the damaging of wind erosion onand oﬀ-site eﬀects. Chepil (1945) classiﬁed factors aﬀecting wind erosion into three categories: ground, climate, and soil characteristics
(Shen et al., 2018). Among those, soil characteristics and surface

conditions are the most important factors illustrating soil erodibility
(Liu et al., 2007; Nodej and Rezazadeh, 2018).
Erodibility is described as the sensitivity of soil particles to detachment and transport by the erosive forces like wind or water (Cook,
1937; Bryan, 1968; Webb and Strong, 2011). Studying and modeling of
soil erodibility to wind is in many cases constrained by: (i) the complexity of wind erosion as a natural process, (ii) the limitations of information and quantitative data, and (iii) the complexity of interactions
between wind erosion process and its drivers, so that could be changed
through space and time (Webb and Strong, 2011). Even if numerous
researches investigated the link between wind erosion and soil characteristics, little is known on modelling soil wind erosion. Thus, such
researches could help us to identify the most determinant parameters
aﬀecting soil wind erosion.
Field experiments are very important for investigating the wind
erosion processes since they permit simulations to be made under
natural condition (Maurer et al., 2006). For instance, it is possible to

⁎

Corresponding author.
E-mail addresses: i.kouchami@stu.vru.ac.ir (I. Kouchami-Sardoo), shirani@vru.ac.ir (H. Shirani), esfandiarpoor@vru.ac.ir (I. Esfandiarpour-Boroujeni),
a.besalatpour@vru.ac.ir (A.A. Besalatpour), hajabbas@cc.iut.ac.ir (M.A. Hajabbasi).
https://doi.org/10.1016/j.catena.2019.104315
Received 25 February 2019; Received in revised form 29 July 2019; Accepted 7 October 2019
Available online 19 November 2019
0341-8162/ © 2019 Elsevier B.V. All rights reserved.

Catena 187 (2020) 104315

I. Kouchami-Sardoo, et al.

Fig. 1. Visual signs of wind erosion occurrence in the study regions.

GA is a valuable member of the evolutionary algorithms producing
solutions for optimization problems such as identifying the best ﬁtness
functions (Taheri-Garavand et al., 2018). Whitley et al. (1990) used GA
for optimizing weighted connections and searching a right architecture
of neural network connections. Kim (2006) and Esfandiarpour-Borujeni
et al. (2018) used a hybrid GA-ANN method to determine more relevant
features and reduce data dimensionality.
Feature selection is the process of selecting a subset of relevant and
important features to be used in further model construction processes
(Besalatpour et al., 2014; Shekofteh et al., 2017). The hybrid GA-ANN
models might be an important example in this regard since they provide
an eﬀective approach for the optimization without performance deterioration, especially when the dimensions of the features are large
(Ghamisi and Benediktsson, 2015; Mohamad et al., 2017).
The main objectives of this study were to: (i) investigate the potential use of a hybrid GA–ANN method to identify the most signiﬁcant
parameters aﬀecting soil erodibility to wind, (ii) predict soil erodibility
using a multi-layer perception (MLP) neural network, and (iii) specify
the importance of selected parameters using sensitivity analysis technique.

both separately and simultaneously quantify the inﬂuence of diﬀerent
factors on wind erosion under controlled conditions using wind tunnel
experiments (Marzen et al. 2016; Pi and Sharratt, 2017). Moreover,
direct measurements could be used as a benchmark to validate, conﬁrm, and improve wind erosion models (Pi and Sharratt, 2017).
Given the time-consuming and expensive nature of ﬁeld measurements, it is very important to estimate soil erodibility from easily
measurable factors. Indirectly assessment like using models could allow
one to break down the erodibility concept into simpler terms with visualizing the important components. Unlike many other prediction
techniques (e.g., classical statistical methods), artiﬁcial neural networks
(ANNs) are capable to learn complexes of non-linear relationships between variables which is important, since many of real-life problems
have complex relationships with inﬂuential factors (Shirani, 2018). In
fact, an ANN-model has many parameters that can adjust them based on
an optimization algorithm to reduce error quantity, causing much
better capabilities for solving prediction problems than any other statistical method (Ingleby and Crowe, 2001; Nedic et al., 2014).
ANNs or connectionist systems imitate the operating of the neurons
in the brain system, which are including information processing, decision making, and learning capabilities (Gago et al., 2010). Due to these
attributes, ANNs have been applied to a wide range of soil issues such as
soil water retention and saturated hydraulic conductivity (Merdun
et al., 2006), soil organic matter (Ingleby and Crowe, 2001), soil aggregate stability (Besalatpour et al., 2014), and soil drainage (Beucher
et al., 2017). The results of these studies revealed that ANN modelbased are satisfactory tools for soil parameter estimations since a better
ﬁt between measured and predicted values could be achieved by ANN
model-based in comparison to other modelling approaches (Ingleby and
Crowe, 2001; Besalatpour et al., 2014).
Despite the numerous advantages, landing at a local minimum using
large number of parameters and slow convergence are the main
weaknesses of ANNs (Esfandiarpour-Borujeni et al., 2018). Many attempts have been made to overcome these limitations. Some researchers concluded that hybridization of ANNs with intelligence algorithms such as Genetic Algorithm (GA) could be successfully used to
overcome these restrictions (Mohamad et al., 2017).

2. Materials and methods
2.1. Study areas
Four diﬀerent susceptible sites to wind erosion were considered in
Kerman province, southeast Iran. The study regions were parts of the:
(i) Narmashir plain (58°44′–58°48′E and 28°58′–29°00′N), (ii) Shahdad
plain (57°43′–57°46′E and 30°37′–30°46′N), (iii) Rigan plain
(58°44′–58°48′E and 28°58′–29°00′N), and (iv) Rafsanjan plain
(55°52′–55°55′E and 30°34′–30°40′N), located in the southeast, northeast, southeast, and northwest of Kerman province, respectively. These
four plains have experienced the most severe soil wind erosion in Iran
due to the combined inﬂuences of extreme wind speed, mean annual
precipitation of less than 70 mm, low relative humidity, long dry seasons, and low vegetation density. Dust storm events and buried farmlands and settlements are common features of these regions (Fig. 1).
2

Catena 187 (2020) 104315

I. Kouchami-Sardoo, et al.

Fig. 2. Monthly maximum wind speeds (m s−1) recorded at 10 m height, from 2003 at (a) Shahdad and 2006 at (b) Bam and (c) Rafsanjan meteorological stations to
October 2018. Wind roses were created for these wind speed occurrences (from 7 m s−1 to 14 m s−1 in light green, from 14 m s−1 to 21 m s−1 in yellow, and equal
and higher than 21 m s−1 in red).

2.2. Data compiling

In order to investigate the occurrence of strong wind events as well
as to create corresponding long-term wind roses, the monthly maximum
wind speed values measured at meteorological stations near to each
study area were used (Fig. 2). The meteorological stations were including Shahdad station (30°24′N and 57°36′E), Bam station near the
Narmashir and Rigan plains (29°06′N and 58°21′E), and Rafsanjan
station (30°23′N and 55°36′E). As illustrated in Fig. 2, wind speed at
10 m height varied from 7 to 35 m s−1 with a mean value of 17 m s−1,
suggesting that the study regions are strongly under the inﬂuence of
high wind speeds. These monthly maximum wind speeds are mainly
associated with north direction at Shahdad station, north but also west
and southwest directions at Bam station, and southwest direction at
Rafsanjan station.

To investigate local variations of soil erodibility and the aﬀecting
factors, a regular sampling strategy was planned in ILWIS 3.7 software
(ITC, University of Twente, The Netherlands) for the selection of the
proper soil sampling locations. A total of 118 sampling points was determined in the study areas including 35, 30, 28, and 25 sampling
points in the Narmashir, Shahdad, Rigan, and Rafsanjan plains, respectively. The geographical positions of the sampling points were
determined in the ﬁeld using GPS (model: 76CSx). Soil samples were
taken from the ﬁrst 3 cm of topsoil near the wind tunnel experiments
(see Section 2.3). After air-drying at room temperature (about 25 °C),
the soil samples were crushed and passed through a 2 mm sieve, then
3
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Fig. 3. Overview of the wind tunnel used for conducting in-situ wind tunnel experiments.

experiments by other researches such as Azimzadeh et al. (2008), Asl,
et al. (2019), and Rezaei et al. (2019). The wind tunnel consists of four
main parts: (i) a jet fan blower as a wind generator which is able to
produce wind speeds in the range of 0.2–13.4 m s−1, (ii) a total 2.5 m
long working section with a uniform cross-sectional area of
0.3 m × 0.3 m and a measurement area with dimensions of 0.3 m × 1 m
at the bottom for contacting with the soil surface or soil samples, (iii) a
wind ﬂow conditioning section positioned at the entrance of the
working section that distributes the air ﬂow smoothly and straightly in
terms of the ‘Law of the wall’ and speed ratios, and (iv) a 8 m sediment
catcher which is two-layer cyclone made of plastic. The sediment
catcher has a special design that makes it reliable and easy to use. An
internal tube with a diameter of 0.6 m and a length of 6 m is covered by
an external tube with a diameter of 1 m and a length of 8 m. The sediment catcher is fastened to the end of the working section, so the
wind generated by the jet fan blower eventually enters the internal tube
that is open at the end. The end of the outer tube is closed with a few
holes with a diameter of 0.1 m along its top part to pass the wind ﬂow
out. Therefore, after the deposition of wind-eroded particles at the sediment collector, the clean wind egresses through the holes. Furthermore, wind speed is measured using a hot wire anemometer positioned
in the measurement area. In order to provide the similarity principle of
the wind tunnel test and also to create a logarithmic wind speed proﬁle,
a lattice screen with 50 mm height is used in downwind of the wind
ﬂow conditioning section. Based on the wind speed calibration for the
wind tunnel, the wind speed proﬁle obeying the ‘Law of the wall’ is well
established at a distance about of 1.5 m downwind of the wind ﬂow
conditioning section (where the measurement area is placed). The
conﬁguration of the wind tunnel as well as a view of the wind-tunnel
setup placed on site are shown in Fig. 3.
To determine the valid wind speed for conducting the in-situ wind
tunnel experiments, 20 sites were randomly selected in the study regions and their threshold wind speeds (the speed at which soil particles
detach and wind erosion begins) were measured. The highest threshold
speed measured for wind tunnel experiments was 10.2 m s−1 (at the
height of 0.25 m). According to our measurements, the local aerodynamic roughness length (z0) for the soil surface with the highest
threshold speed was 0.008 m. Following Bagnold (1941), a wind speed
of 10.2 m s−1 at the height of 0.25 m corresponds to wind speed of
about 21.13 m s−1 at the height of 10 m (according to the data gathered
by the wind tunnel experiments). Such a wind speed can frequently be

used for measuring soil organic matter (SOM) content using the
Walkley-Black method (Nelson and Sommers, 1986), soil texture using
the sieving and sedimentation procedure (Gee and Bauder (1986), bulk
density by the metal cylinder method, calcium carbonate equivalent
(CCE) via the back-titration procedure, gypsum content by acetone
method (Nelson, 1982), and electrical conductivity (EC) in saturated
paste extract using EC-meter. The percentages of sand components in
diﬀerent sizes were determined by passing soil and water suspension
from series of sieves with descending mesh size (1, 0.5, 0.25, 0.1, and
0.05 mm). To measure soil moisture, samples were collected and immediately wrapped in thick plastic bags, then it was measured by
gravimetric method. The amounts of soluble cations including sodium
(using ﬂame photometer), magnesium, and calcium were determined in
the saturated paste extract using the complexometric titration method.
Strength of the crust samples was measured by a penetrometer apparatus and the standard method described by Langston and Neuman
(2005). Soil surface gravel percentage (particles with 2 mm diameter or
larger) was measured using the Cerdà method (Cerdà, 2001) at each
sampling point.
For the assessment of aggregate stability, undisturbed soil samples
were taken from the ﬁrst 3 cm of topsoil in sample boxes in such a way
that minimum structural deformation and destruction occurred. To
protect the soil samples during transport from the ﬁeld to laboratory,
they were carefully packed with cotton. Soil samples were then passed
through a 4 mm sieve, and the stability of aggregates was tested using a
rotating sieve device contains a sieve series with diameters of 0.1, 0.25,
0.5, 1, and 2 mm (according to the ASTM standard). Each aggregate
stability experiment was carried out for 3 min with a rotational speed of
733 cHz. Finally, the mean weight diameter (MWD) was speciﬁed based
on the following equation (Kemper and Rosenau, 1986):
N

MWD =

∑ wi X̄i
i=1

(1)

where wi is the proportion of stable aggregates in the size class i (mm),
and X̄i is the arithmetic mean diameter of the size class i (mm). The wi
was determined after deducting the weight of gravel or sand particles.
2.3. Wind tunnel experiments
Soil erosion rate was measured using a portable and open-circuit
wind tunnel. The same device has been employed for the wind tunnel
4
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ﬁxed lengths called chromosomes. In fact, each chromosome is assessing as a particular solution based on the ﬁtness function to determine
the chromosome's suitability. The parameters of the used GA in the
current study are depicted in Table 2. Three crossover operators were
used to combine the parent’s genetic information for generating new
oﬀspring. To achieve a better performance of the uniform operator in
recombination (Srinivas and Patnaik, 1994), more probability choice
was assigned to this crossover operator.

observed at the study regions as illustrated in Fig. 2. Therefore, the
wind speed of 12 m s−1 was chosen to approximate a maximum potential wind speed at the soil surface of study regions. For the proper
selection of wind tunnel experiments duration, wind erosion rate was
measured at three distinctive places at the selected 20 sites for the same
constant wind speed (i.e., 12 m s−1) and 10, 15, 20, and 25 mins
durations. By interpreting the results of statistical tests, the run-time of
20 min was adopted and the wind tunnel experiments were performed.
After conducting each experiment, the eroded particles in the sediment collector were gathered and weighted. The erosion rate
(g m−2 s−1) was determined by dividing the weight of the eroded
particles (g) on the test section (m2) and the event duration (s) to demonstrate soil erodibility to wind at each sampling point (Liu et al.,
2007).

2.4.3. GA-ANN method
To specify the most important features aﬀecting soil erodibility to
wind, a feature selection method inspired by GA along with ANN
(named as hybrid GA-ANN method) was used. The process of feature
selection by GA-ANN algorithm can be brieﬂy explained as:
Step 1, Initialization: generating the number of permutations (given
the size of population) which are integers on the number of input features. In this study, 17 input features were determined for the permutations. So, the algorithm initially was generated with 50 diﬀerent
permutations of numbers 1–17. The permutation process is done randomly in such a way that the higher suitability ones be selected.
Step 2, Evaluation: entering the generated permutations into an
ANN model for calculating a coast function (such as RMSE). As a result,
each combination of n-tuple (n varies from 1 to the total number of
input features) that have less error will be determined. In this study, the
algorithm began ﬁrstly to operate by choosing an eﬀective feature
among the others. After specifying the best univariate combination, the
GA-ANN algorithm selected the best bivariate combination and sequentially, the combination of 3–17 features.
Step 3, Stopping: judging the stopping criteria (such as error value
and iteration number) to determine whether to repeat or exit the loop.
In this study, the iterating was stopped and repeated the loop from step
1 for bivariate combinations and then for other combinations when the
algorithm met the maximum iteration number (i.e., 100) for univariate
combinations. The combination of input features (e.g., 1, 2, …, 17)
which had the lowest error was determined as the best subset of the
input features for the prediction of target variable. The position of each
feature in the selected subset is encoded as a binary array of length N (N
is the total number of features), where ‘0’ shows that the corresponding
feature is not selected, and conversely, ‘1’ shows that the feature is
selected. The schema of the GA-ANN algorithm is depicted in Fig. 5.
To determinate the ﬁnal error for each generated feature’s combination, the MLP model was ran 10 times and the ﬁnal mean square
errors (MSEs) were calculated as follows:

2.4. Modeling approaches
2.4.1. Artiﬁcial neural network (ANN)
The ANNs are increasingly used as valuable approaches to model,
predict and optimize the complex processes. Some parallel interconnected elements called ‘neurons’ operate in the ANNs structure. A
MLP neural network is made of three neuronal layers: (i) an input layer
which includes independent variables, (ii) one or several hidden layers,
each of which consists of some neurons, and (iii) an output layer. Fig. 4
shows the structure of a simple ANN model with an input layer and a
neuron. Weight (w) and bias (b) are two parameters of the network. By
running the network, input variable (e.g., soil moisture) is multiplied by
w coeﬃcient and then wp is added to b coeﬃcient (mainly considered
1), and consequently the argument of a is produced. There are diﬀerent
transfer functions (for instance sigmoid and linear) in hidden and
output layers of the network. The weighted input (a quantity) is entered
into the transfer functions and creates the output model (Fig. 4). The
estimated value of y for each record is compared to its observed
counterpart and their diﬀerence is considered as error. With the
learning capability, the network changes its parameters through an
optimization algorithm and error quantity is reduced in the next replications. For achieving the best results, it is important to adjust the
MLP characteristics such as the number of hidden layers and epochs.
In this study we used a feed-forward MLP trained through back
propagation with the characteristics mentioned in Table 1. Backpropagation is a systematic approach for training neural networks in
order to reduce the error (Shirani, 2018). To improve the model performance, data normalization was also performed by a linear transformation.

MSEf = 0.7MSEtr + 0.3MSEt

(2)

where MSEf is the ﬁnal mean square error for a certain combination of
the features, and MSEtr and MSEt represent mean square errors for
training and testing data, respectively.
MSE can be calculate as:

2.4.2. Genetic algorithm (GA)
The GAs are search heuristic and optimization approach inspired by
natural evolution. In GA, candidate solutions of problems are mostly
encoded in linear binary as strings of 0 s and 1 s. These strings with

MSE =

1
N

N

∑ [M (xi) − P (xi)]2
i=1

(3)

where N denotes the total number of observations, M(xi) is the measured value of observation i, and P(xi) is the predicted value of observation i by the model.
2.4.4. Sensitivity analysis
Sensitivity analysis was performed to determine the most important
selected features by GA-ANN method. The R-square method was used
for the sensitivity analysis as described by the following steps
(Esfandiarpour-Borujeni et al., 2018):
Step 1: all the selected features are entered to the MLP model and
the coeﬃcient of determination (R2) is computed.
Step 2: the desired feature is selected to delete from the input features, then re-modeling is performed with the remaining features, and

Fig. 4. Structure of a simple ANN (p = input vectors or input variables,
w = weight, b = bias, n = wp + b, f = transfer function, a = ﬁnal output).
5
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Table 1
Characteristic of the MLP model used for modeling soil erodibility to wind.
Hidden layers no.

Neurons no. in the hidden layer

Epoch no.

Training algorithm

Transfer function in the hidden layer

Transfer function in the output layer

1

10

500

Levenberg-Marquardt

Tansig

Linear

Table 2
Parameters of the used GA algorithm.
Compound operator
Population no.

Iteration no.

Crossover rate

Mutation rare

Two-point crossover pro.

One-point crossover pro.

Uniform crossover pro.

50

100

0.8

0.02

0.1

0.2

0.8

n

∑ [M (x i ) − P (x i )]2
MEF = 1 −

i=1
n

¯ (x i )]2
∑ [M (x i ) − M

(9)

i=1
n

RSR =

RMSE
=
SD [M (x i )]

∑ [M (x i ) − P (x i )]2
i=1
n

¯ (x i )]2
∑ [M (x i ) − M

(10)

i=1

where M(xi) and P(xi) are the measured and predicted values of ob¯ (x i ) and P¯ (x i ) represent the mean of measervation i, respectively; M
sured and predicted values, respectively; SD is standard deviation; and
n is the total number of observations.
3. Results and discussion
Fig. 5. Block diagram of the GA-ANN algorithm.

3.1. Statistical analysis
2*

consequently the second coeﬃcient of determination (R ) is calculated.
Step 3: the diﬀerence between R2 and R2* is determined:

Table 3 represents a summary of descriptive statistics of parameters
for selecting the best subset of features aﬀecting soil erodibility. Sandy
loam, sand, and loam were the dominant soil textures of the study
areas. The SOM content ranges from 0.09 to 0.59% with an average

(4)

ΔR2 = R2 − R2 ∗

Step 4: the variable importance (VI) as the important deleted feature
is determined by the following equation:

VI =

ΔR2
R2

Table 3
Summary statistics of primary measured features aﬀecting wind erosion rate.
Parameter1

(5)

−3

BD (g cm )
SAR (mmol l−1)0.5
MWD (mm)
FS (%)
CS (%)
MS (%)
Silt (%)
GC (%)
VFS (%)
VCS (%)
Clay (%)
CCE (%)
SOM (%)
EC (dS m−1)
Moisture (%)
Crust strength
(kPa)
Gypsum (meq
100 g−1 soil)
Wind erosion rate
(g m2 s−1)

2.4.5. Model validation
The performance of the constructed model was evaluated using
diﬀerent standard statistical error indices. The evaluation criteria were
coeﬃcient of determination (R2), the root mean square error (RMSE),
percent bias (PBIAS), model eﬃciency factor (MEF), and RMSE-observations standard deviation ratio (RSR).

⎡
⎢
2
R =⎢
⎢
⎢
⎣
RMSE =

2

N

⎤
⎥
i=1
⎥
N
N
⎥
¯ (x i )]2 ∑ [P (x i ) − P¯ (x i )]2 ⎥
∑ [M (x i ) − M
i=1
i=1
⎦
¯ (x i )][P (x i ) − P¯ (x i )]
∑ [M (x i ) − M

1
n

(6)

n

∑ [M (xi) − P (xi)]2
i=1

(7)

1

N
i=1
n

∑ M (x i )
i=1

Median

Min.

Max.

SD2

CV

Skewness

1.57
27.30
0.10
25.95
6.30
8.57
15.42
16.73
27.36
7.70
8.70
9.58
0.25
15.42
0.24
36.56

1.58
13.06
0.06
26.13
5.48
7.35
14.50
15.12
28.02
5.29
8.30
7.47
0.24
7.16
0.22
37.99

1.29
0.95
0.00
9.68
0.14
0.00
2.40
0.00
4.54
0.91
1.60
1.74
0.09
0.75
0.11
0.00

1.78
201.54
0.94
42.25
17.00
32.63
47.80
45.00
47.85
35.19
23.80
23.04
0.59
89.32
0.66
90.10

0.11
35.77
0.15
7.19
3.36
5.42
7.06
12.07
9.24
6.65
4.30
5.65
0.11
19.05
0.10
14.76

7.07
131.02
143.79
27.72
53.36
63.30
45.81
72.16
33.77
86.42
49.42
59.04
44.58
123.56
42.81
62.71

−0.29
2.32
3.16
0.06
0.87
1.93
2.07
0.46
−0.35
1.67
0.76
0.67
0.96
1.87
1.51
0.09

0.03

0.005

0.00

0.19

0.05

168.55

1.75

1.94

1.78

0.31

3.87

0.91

46.77

0.14

BD: bulk density, SAR: sodium adsorption ratio, MWD: mean weight diameter, FS: ﬁne sand, CS: coarse sand, MS: medium sand, GC: gravel coverage,
VFS: very ﬁne sand, VCS: very coarse sand, CCE: calcium carbonate equivalent,
SOM: soil organic matter, EC: electrical conductivity.
2
Standard deviation.

∑ M (x i ) − P (x i )
PBIAS =

Mean

× 100
(8)
6
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surface wind speed. Gillette and Stockton (1989) and Zhang et al.
(2014) reported that gravel particles by increasing soil surface roughness, absorb signiﬁcant part of the shear stress exerted by wind on
erodible surface and shelter eroded particles.
Aggregate stability was another selected feature which has a signiﬁcant and negative correlation with soil erodibility. Many studies
showed that the soils containing higher MWD exhibited less wind
erosion rates (Zobeck, 1991; Liu et al., 2007; Kheirabadi et al., 2018).
Chepil (1951) and Mackinnon et al. (2004), reported that the presence
of resistant aggregates on the land surface, increases threshold friction
velocity by creating a large increase in soil surface roughness.
In the absence or low amount of organic matter in soils in arid and
semi-arid regions, calcium carbonate may be responsible for the soil
particle ﬂocculation and structure formation. Al-Ani and Dudas (1988)
and Nwadialo and Mbagwu (1991) reported that calcium carbonate was
one of the parameters aﬀecting soil stability at the micro-aggregate
scale. Moreover, according to Tatarko (2001), calcium carbonate as a
mild cementing agent could improve soil aggregation in coarse textured
soils. Similar results are reported by Sirjani et al. (2019), emphasizing
the positive eﬀect of CCE on aggregate stability and soil erodibility in
loamy sand and sandy soils.

value of 0.25% indicating a poor organic matter content in the studies
soils. The maximum, minimum and mean soil moisture are 0.66, 0.11,
and 0.24%, respectively. The variability range of the crust strength
parameter is 0.0–90.1 kPa with a mean value of 36.5 kPa emphasizing
the thickness and low strength of the examined crusts. Whereas, a high
accumulation of sodium in the studied soils is represented by highmagnitude values of the sodium adsorption ratio (SAR), varying between 0.95 and 201 (mmol l−1)0.5. Besides, the rest of the variables
mentioned in Table 3 are in such quantity making the soils prone to
wind erosion. In fact, we focused on the documentation of diﬀerent
properties of a wide range of arid soils, which are most susceptible to
wind erosion damage. Therefore, such a study could help us in wind
erosion prevention and control programs.
In the current study, we investigated all the data together rather
than separately for each study region due to diﬀerent reasons: (i) developing ANN-based models using large data sets are superior to use of
small data sets, (ii) investigation of enough number of sampling sites
separately in each study region was not possible since wind tunnel
experiments are so expenses, laborious, and time-consuming, and (iii)
even the second reason is fulﬁlled, modeling soil wind erosion for each
region separately will likely not be desirable because of the same
characteristics of soils.

3.3. MLP modeling
3.2. Feature selection using GA-ANN method
The six selected features by the hybrid GA-ANN model were used for
modelling soil erodibility by the MLP model. The dataset was divided
into 70, 15 and 15% of the data as the training, validation and testing
data, respectively. Fig. 7 represents the comparison of measured and
predicted wind erosion rates for the training and testing data. The obtained coeﬃcient of determination (R2) values for the training and
testing data were 0.89 and 0.87, respectively. The high values of R2
reveal the ability of the developed model to predict soil erodibility. The
R2 value for testing data manifests the model’s validity and universality;
and it also shows that despite a high value of R2 for the training data,
there is no overﬁtting in the model predictions (Esfandiarpour-Borujeni

Given the large amount and complexity of available data for predicting soil erodibility, we used a hybrid GA-ANN method in order to
reduce the number of the primary 17 features aﬀecting soil erodibility
by removing redundant and irrelevant features. Based on the obtained
results from the GA-ANN method; a permutation of six features including very ﬁne sand (VFS), very coarse sand (VCS), gravel coverage
(GC), MWD, calcium carbonate equivalent (CCE), and surface crust
were determined as the combination of most important parameters
inﬂuencing soil erodibility. This best combination had the lowest error
(RMSE = 6.65%, see Fig. 6).
The VFS particles inﬂuence soil erodibility due to their small size
and easy detachment by wind. Although sand particles are often singlegrained, a high velocity of wind is required to transport VCS particles
due to the heavier weight of these particles. This might be the most
possible reason for choosing VCS parameter as an important parameter
aﬀecting soil erodibility. Furthermore, VCS particles can act somewhat
like non-erodible elements by absorbing wind momentum near the
surface and sheltering eroded particles.
Soil erodibility is largely inﬂuenced by the strength of soil surface
crust. It helps to conserve surface soil particles against wind erosive
forces and thus make a limitation to supplying and availability of
sensitive particles to wind erosion. Similar results are reported by Yan
et al. (2015), emphasizing the eﬀect of surface crust on soil erodibility
to wind.
Surface roughness also plays a considerable role in reducing near-

Fig. 7. Comparison of the predicted and measured wind erosion rates by the
MLP model for training and testing data.

Fig. 6. GA-ANN algorithm results for the 17 primarily variables.
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Table 4
Results of regression analysis and normality test.
Data

R2

R2-adjast

F

P-value for
regression

P-value for
normality test

Training data
Testing data

0.90
0.87

0.90
0.86

751.4**
111.4**

0.00
0.00

> 0.15
> 0.15

Table 5
Validation statistics to compare measured and estimated values of wind erosion
rate.
Data

RMSE

RSR

MEF

PBIAS

Training data
Testing data

4.26
4.91

0.31
0.38

0.89
0.86

3.94
3.57

RMSE: root mean square error, RSR: RMSE-observations standard deviation
ratio, MEF: model eﬃciency factor, PBIAS: percent bias.

Fig. 8. Importance coeﬃcient of the input parameters to the MLP model for
predicting soil erodibility.

et al., 2018).
The results of the ﬁtted regressions and normality tests are depicted
in Table 4. The data indicate that the ﬁtted regressions are statistically
signiﬁcant where both p-values are less than 0.001. These results also
suggest that the changes of predicted data are associated with changes
of the matured data. The normality tests indicate that the residuals
follow a normal distribution (p-value > 0.05). The normality of residuals is a fundamental assumption in ﬁtting tools (Shirani, 2018).
To evaluate more accurate the model performance, we also calculated some standard statistical criteria (Table 5). The RMSE values
closer to zero indicate more accurate simulations, and when its value is
less than half the standard deviation of the measured data the model
performance is acceptable (Singh et al., 2005; Moriasi et al., 2007). The
obtained low values of RMSE for the training (RMSE = 4.26) and
testing (RMSE = 4.91) data and also comparing them with the standard
deviations of the measured data (SD = 11.19 for training data and
SD = 15.36 for testing data) reveal the potential of the model for simulation of the relationship between the input variables and soil
erodibility. The RSR, as a normalized error index, varies between zero
(the optimal value) and large positive values. An excellent performance
will create near-zero values of RSR (Moriasi et al., 2007). The good
performance of the MLP model for estimating the soil erodibility can
also be conﬁrmed by obtained values of RSR, where its values were 0.31
and 0.38 for the training and testing data, respectively.
The MEF range is between −∞ to 1 (1 inclusive), where MEF values
between 0 and 1 are counted as acceptable model performance
(MEF = 1 is optimal value). Whereas values less than zero show that
the mean measured value is a more useful predictor than the model
predictions (Moriasi et al., 2007). According to the results, the MEF
values for the training and testing data were respectively 0.89 and 0.86.
These obtained values close to 1, indicate the high eﬃciency of the MLP
model for predicting the soil erodibility changes in response to spatial
variation of topsoil features and surface roughness.
To determine the direction of the bias error, we calculated PBIAS
index. The optimal value of PBIAS is zero and also its negative and
positive values show model over-estimation and under-estimation
biases, respectively (Gupta et al., 1999). The obtained PBIAS values of
3.94 for the training data as well as 3.57 for the testing data depicting
model under-estimation bias, however, the values are relatively close to
zero. While we explored the ability of the MLP model to predict soil
erodibility of some soils in arid regions of Iran, wind erosion is a worldwide issue and our ﬁndings indicate that the MLP model has wider
applicability. The precise nature of what is included in the model
parameters will change dependent on dataset characteristics but the
basic methodology and structure would be similar. Although, ANNs
provided a tool to eﬀectively quantify the interactions between soil
erodibility and its eﬀecting factors, they have been labeled a ‘black

box’, since they represent little explanatory insight into the relative
inﬂuence of the independent variables in the prediction process.

3.4. Importance of input parameters for predicting the soil erodibility
After modeling of soil erodibility, the importance of the selected
features as inputs to the model was investigated. The outcomes obtained from sensitivity analysis are shown in Fig. 8. The soil surface
crust was introduced as the most sensitive variable for the prediction of
soil erodibility with a sensitivity coeﬃcient value of 35.4%. Many
studies have considered the crucial importance of surface crust on wind
erosion (Zobeck, 1991; Eldridge and Leys, 2003; O'Brien and Neuman,
2012). Chepil (1958) stated that wind erosion occurs in crusted soils at
a rate of 0.04–0.4 that of recently cultivated lands. Field-scale studies
have also shown that soil single particles are more accumulated when
soil is crusted (Gillette and Chen, 2001).
The parameters VFS and VCS (especially VFS) were other sensitive
variables aﬀecting soil erodibility with sensitivity coeﬃcient values of
29.1% and 18.4%, respectively (Fig. 8). Chepil (1954), Shao (2008),
and Zou et al. (2018) stated that primary particle size distribution
(diameter of mechanical soil particle) have profound inﬂuence on wind
erosion occurrence. Wind erosion is very selective and is initiated when
energy brought to an erodible surface by wind exceeds the energy required to mobilize soil particles (Callot et al., 2000; Webb et al., 2006).
Therefore, the VCS and VFS particles have diﬀerent intrinsic resistance
to wind erosion. The VFS particles are placed in particle-sizes range of
0.05–0.1 mm; in which, the resistance to erosion forces is low in terms
both of particle weight and cohesion. Therefore, these light particles
can be easily detached and transported by wind force. Whereas, VCS
particles are relatively resistant to erosion due to the heavier weight,
where the force of wind rarely exceeds the threshold level of their resistance. Based on the ﬁeld observations, the coarsening of topsoil
particle size also showed that wind erosion selectively carries oﬀ a
larger amount of ﬁne particles than soil surface coarse particles. Similar
results are presented by Li et al. (2003), emphasizing the selectivity of
the wind erosion process for eroding soil particles. They reported that
the sand particles with size range of 0.25–0.1 mm were more susceptible to wind erosion, while those > 0.5 and < 0.05 mm were minimum
eroded particles.
In addition, the soil erodibility demonstrated relatively a similar
sensitivity to MWD, GC, and CCE parameters (Fig. 8). These ﬁnding can
be explained by the fact that due to the strong impact of surface crust
and particle size distribution on soil erodibility, the parameters including MWD, GC, and CCE were detected as moderately sensitive
variables. However, these parameters were selected as the most important variables aﬀecting soil erodibility from the 17 primary features
8
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4. Conclusion
In this study, we used the GA-ANN method to select the most important features aﬀecting soil erodibility to wind. Moreover, a multiobjective feature selection was performed using a NSGA-II algorithm
(Non-dominated Sorting Genetic Algorithm). The selected features were
completely similar in both sets of algorithms; however, minimization of
the cost function was better done in the hybrid GA-ANN method. By
determining major factors controlling soil erosion potential in arid soils,
we therefore believe that our approach can give a more informed decision-support and help ensure that wind erosion prevention and control programs are adopted in the best possible way. The potential use of
ANNs for modelling soil erodibility using the selected features as the
model inputs was also part of the goal. Soil erodibility has a complex
relationship with many inﬂuential variables, which these relationships
are largely non-linear and not well rationalized with classical statistical
approaches. Acceptable levels of the statistical validation criteria veriﬁed reliable performance of the MLP-ANN model for predicting the soil
erodibility changes in response to spatial variation of input features.
The work has also presented a general analytical framework could be
applied to other arid and semi-arid regions with similar challenges.
Moreover, due to dynamic structure, ANNs can be updated to achieve
better results by presenting new training examples as new knowledge
and data become available. However, the ANN-model is not able to
interpret the physical eﬀects of the variables on soil erodibility as one of
the main weaknesses of the ANN-based approaches. The investigation
of the importance of each input parameter using sensitivity analysis
technique also revealed that the surface crust, VFS, and VCS are the
strangest variables inﬂuencing soil wind erodibility. Finally, we believe
that the introduced methods here have provided a suitable tool for
quantitative estimation of soil erodibility as an alternative to existing
conventional models for scientists who look for a soil erodibility prediction tool to achieve highest eﬃciency and smallest error.
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