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In this study, geostatistical methods and artificial intelligence models
(artificial neural network, decision tree, and support vector machine) were
used to simulate the soil salinity of Ghorghori lands in Hirmand city. A
total of 130 soil samples were collected from 0-30 cm layers of the soil.
The electrical conductivity of each sample was measured using an electrical
conductivity device. Soil salinity values were estimated using Geostatistical
methods and artificial intelligence methods. Geostatistical and artificial
intelligence models were applied and the best model was selected; the
accuracy of the methods was compared using independent validation. The
results showed that the artificial intelligence methods outperformed the
geostatistical method in estimating the soil salinity of the artificial
intelligence methods, the decision tree model was the superior model due to
its coefficient of determination of 0.99 and RMSE and MAE statistics of
0.26 and 0.18 respectively. The salinity trend showed that the salinity of the
soil of the region decreases from west to east first and then increases and
decreases from north to south. In order to preserve the environment of the
region, the field of planting plant species compatible with the region should
be provided in accordance with soil salinity.

© Authors, Published by Environment and Water Engineering journal. This is an open-access
article distributed under the CC BY (license http://creativecommons.org/licenses/by/4.0/).
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Introduction

properties on the Zabol-Zahedan route was

Examining soil salinity changes over a large area
is costly and time-consuming. Therefore,
methods should be used that can easily study
salinity on a large scale. In recent vyears,
estimation methods have been used to estimate
soil salinity. Among the estimation methods, can
mention the use of Geostatistical and artificial
intelligence methods. Much research has been
done on the use of Geostatistical in identifying
soil salinity. The spatial distribution of some soil
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investigated using Geostatistical Method. The
results of their study showed that geostatistical
well models soil properties. Neural network in
various sciences, including water science, these
models have been widely used in recent years.
Meanwhile, these models predict soil properties
very well and very accurately. The decision tree
and neural network methods were used in
predicting soil salinity west of Urmia Lake.The
results showed that the decision tree model
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Predicting Soil Surface Salinity

showed better estimation of soil salinity than the
artificial neural network model. In literature,
various methods have been used to predict soil
salinity. In this study, the salinity of Ghorghori
Plain soil in Hirmand city was investigated using
Geostatistical and artificial intelligence methods
and determining the appropriate method for
determining the salinity of the region.

Material and Methods

The study area is the Gharghari section of
Hirmand city, located in the north of Sistan and
Baluchestan province. To do the work,130 soil
samples were taken from a depth of 0-30 cm of
soil. The collected samples were transferred to
the laboratory. In the laboratory, the samples
were dried. In the laboratory, after preparing the
soil saturated extract, electrical conductivity was
measured using a conductometer and pH was
measured using a pH meter.

Artificial neural network, decision tree and
support vector machine methods were used to
predict soil salinity. Matlab software was used to
perform artificial  intelligence  methods.
Geostatistical was used to describe the spatial
relationship  between salinity. Using GS*
software, salinity trend and spatial distribution
map of salinity in the region were drawn.
Artificial neural network methods for design
require three categories of educational data,
testing and validation. Training data is used to
find the relationship between observable inputs
and outputs. Validation data is used to control

and monitor the correct learning of the network,
and test data is used to evaluate the performance
of the proposed network. In this study, for the
neural network method and decision tree method,
70, 15, and 15% of the total data, for training,
testing, and model validation, respectively, and
for the support vector machine model, 60 and
40% of the total data for training and testing,
respectively. Method assigned. Content software
was used to perform artificial intelligence
methods.

To evaluate the accuracy and validity of the
models used, the statistical indices, R? (Eg. 1)
RMSE (Eq. 2), and MAE (Eq. 3) were used.

R2=1- Z @)
RMSE = 2)
MAE = %lel - Xi*l (3)

Where, x; is the measured value, xi* is the
estimated value, and n is the number of samples.

Results

Some descriptive statistics indices of physical
and chemical parameters of the studied soil are
given in Table 1.

Table 1 Statistical description of physical and chemical properties of soil samples

Soil . . . . Standard Coefficient of
properties Unit  Minimum Maximum Average Middle deviation variation Skewness
EC ds/m 2.42 64 15.15 9.82 14.28 94.24 1.79
pH - 6.7 10.22 7.96 8 0.53 6.72 0.23
Clay % 0 175 4.65 35 3.43 73.87 0.99
Sand % 73 96 82.89 82 5.86 7.07 0.41
Silt % 1 21 12.44 12.5 4.63 37.26 -0.19

The coefficient of variation (dispersion) is an
index that is used to measure the dispersion
distribution of statistical data as well as to
compare the dispersion of two or more variables.
In this study, the minimum coefficient of
variation for soil acidity was 6.72% and the
maximum value was 94.24% for soil electrical
conductivity.

Fig. 1 shows the trend of spatial changes in soil
salinity in the study area. As can be seen,
according to the green trend line, the salinity
from the west of the region to the east first
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decreases and then increases. The reason is the
increase in wind intensity in this area and severe
wind erosion, which has caused the destruction
and instability of the soil structure and severely
reduced vegetation and has led to salinity and
alkalinity of the soil. Fig. 2 shows the spatial
distribution of electrical conductivity in the
Ghorghori area of Hirmand city. As can be seen,
the salinity values are higher in the east and the
northern and central parts.
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Fig. 1 The trend of changes in salinity
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Fig. 2 Electrical conductivity zoning map

In Table (2) the results of the comparison of the
three methods of artificial neural network, the
support vector machine method, and the decision
tree and the geostatistical method in predicting
electrical conductivity are observed. Due to the
high coefficient of determination (0.99) and low
error statistics (0.26 and 0.18), the decision tree
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model was selected as the superior method for
predicting the electrical conductivity of soil
salinity. It was also observed that artificial
intelligence methods predicted salinity better
than Geostatistical method.

Table 2 Results of the four models performances

error statistics MAE RMSE R2?
artificial neural network 0.36 029 0.93
(ann)
support machine vector 028 035 0.9
(svm)
decision tree (m5) 0.18 0.26 0.99
geostatistical (k) 059 086 0.91

Conclusions

The results showed that soil salinity decreased
from west to east first and then increased and
decreased from north to south. Among the
artificial neural network method, decision tree
and support vector machine, decision tree
method is the superior method for predicting soil
salinity.
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Table 1 Statistical description of physical and chemical properties of soil samples

Soil . . . . Standard Coefficient
. Unit Minimum Maximum Average Middle o of Skewness
Properties Deviation o

Variation
EC ds/m 2.42 64 15.15 9.82 14.28 94.24 1.79
pH - 6.7 10.22 7.96 8 0.53 6.72 0.23
Clay % 0 17.5 4.65 35 3.43 73.87 0.99
Sand % 73 96 82.89 82 5.86 7.07 0.41
Silt % 1 21 12.44 12.5 4.63 37.26 -0.19

oy &5 wilasls Ls Foroughifar et al. (2010)
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Fig. 4 Electrical conductivity zoning map

. OQLO-M»J‘ L: é,ﬁ‘ ‘.\!b s’-‘-’w“-‘ L L)‘“'Qﬁj" dals o
)'°’* rble 5 e L350 (Fohan swas Sh b,

o0 igh sl gy Y=Y

sebieds Yoz oiawy a5l reeh cpl o
JUl ales g o osliial SIS Sl Colae o i
0393) 5 (i Cmo (gl Al e (gl 1 jlre gl =Y Jgu
Table 2 Results of the models training, testing and validation
Model Error statistics MAE RMSE R?
I Train 0.17 0.65 0.86
Artificial ('\A'el\‘:{\?)' Network Validation 0.13 0.51 0.83
Test 0.24 0.79 0.82
Support Machine Vector Train 0.32 0.75 0.82
(SVM) Validation 0.28 0.42 0.86
Decision Tree T_raln_ 0.15 0.42 0.91
Ms) Validation 0.41 0.65 0.85
Test 0.46 0.78 0.82
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Fig. 5 The soil simulated and observed EC: a) decision tree, b) artificial neuron network, ¢) support machine
vector, and d) geostatistical
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Table 3 Results of the models performances (ANN,
SVM, M5, K)

Error Statistics MAE RMSE R?

Artificial Neural Network 0.36 029 0.93
(ANN)

Support Machine Vector 0.28 035 094
(SVM)

Decision Tree (M5) 0.18 0.26 0.99

Geostatistical (K) 0.59 086 0.91
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