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ABSTRACT Quantification of the soil physicochemical properties is one of the essential process in the field
of soil geo-science. In the current research, three types of machine learning (ML) models including support
vector machine (SVM), random forest (RF), and gradient boosted decision tree (GBDT) were developed for
Total Dissolved Salt (TDS) prediction over several locations in Iraq region. Various physicochemical soil
properties were used as predictors for the TDS prediction. Four modeling scenarios are constructed based
on the types of the associated soil input variables properties. The applied ML models were analyzed and
discussed based on several statistical measures and graphical presentations. Based on the correlation analysis;
Gypsum concentration, Sulfur trioxide (SO3), Chloride (Cl), and organic matter (OR) were the essential soil
properties for the TDS concentration influence. The prediction results indicated that incorporating all the
types of input variables including chemical, soil consistency limits, and soil sieve analysis attained the best
prediction process. In quantitative terms, the SVMmodel attained the maximum coefficient of determination
(R2 = 0.849) and minimum root mean square error (RMSE=3.882). Overall, the development of the ML
models for the TDS of soil prediction provided a robust and reliable methodology that contributes to the soil
geoscience field.

INDEX TERMS Soil physicochemical properties, total dissolved salt, machine learning, correlation analysis.

I. INTRODUCTION
Being a heterogeneous natural resource, soil exhibits mecha-
nisms and processes that are difficult and complex to compre-
hend. Until, now, laboratory analysis is the major technique
that has been used for the understanding of soil systems
and assessing their quality [1]. It is important that accurate
soil information should be available at both national and
regional levels as it facilitates better soil management in line
with the potential of the land [2], [3]. Researchers can have
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a better understanding of the ecosystem dynamics via the
spatial assessment of soil properties [4], [5]. In addition,
the understanding of the soil properties and their influence
on agriculture can support better environmental manage-
ment and sustainable agricultural implementation [6], [7].
Precision agriculture requires much less level of soil infor-
mation for effective crop and land management as it nor-
mally depends on proximal soil sensing for large-scale
data collection [8], [9]. Soil spatial variability characteriza-
tion is undoubtedly one of the most significant aspects of
soil research owing to its wide range of influence on the
environment and agriculture-related field-to-landscape-scale
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processes, such as solute transport, soil salinity distribution,
intra-field crop yield variation, etc [10], [11]. The signifi-
cance of soil spatial variability on the practical agricultural
and environmental applications that involves soil at both field
and larger spatial scales cannot be ignored because soil, in its
chemical and physical composition, is spatially variable.

It has been estimated that about 23% of the cultivated
land (approximately 3.5 × 108 ha) is affected by salt [12].
Unfortunately, there are no directly measured global inven-
tories of soil salinity as all the currently known soil salinity
global inventories, except a few, are mere gross approxi-
mations that are based on qualitative data [13], [14]. Field
assessment of soil salinity is a difficult task due to its dynamic
nature and high variability in space and time. Several tech-
niques are available for soil salinity assessment; however,
the laboratory-based approach of soil salinity determination
involves 3 different approaches which are the determination
of the mass of total dissolved solids (TDS, mgL−1), mea-
surement of the soil electrical conductivity (EC, dSm−1), and
measurement of salt species composition using spectropho-
tometry [15].

To achieve a precise calibration that will enable the survey-
ing of a site via conductivity measurement requires measure-
ment of the TDS [16]. The TDS refers to the total quantity of
soluble salts and small quantities of organic matter in a soil-
saturated paste extract [17]. It is normally presented in mil-
ligrams per liter (mgL−1) or parts per million (ppm) [18]. Soil
characterization via measuring and assessing its properties
and components is a costly and time-consuming process [19].
Hence, modeling results are normally used to compensate
for the lack of sampling data. Several modeling approaches
(called predictive soil mapping) have been developed for the
estimation of the spatial distribution of soil variables and
most of these approaches rely on the statistical or numerical
methodology of the relationship between the soil properties
and other environmental variables. They are applied to geo-
graphic databases to establish a predictive map or to derive
the values of soil properties at unmeasured sites based on data
collected from the field [20], [21].

Soil characteristics measurement focuses more on direct
estimation of the unknown soil variables based on the values
of other known measured variables. Being that it is labor
and cost-intensive to rely on laboratory tests for determining
the physical and chemical soil properties [22], it becomes
economically reasonable to devise other technologies for
estimating the soil variables based on known variables. Var-
ious methods have been introduced for soil mapping and
classification, such as statistical techniques (like principal
components regression (PCR) [23]–[25] and partial least
squares regression (PLSR) [25], [26]. However, the devel-
opment of cheap and fast microprocessors has increased
the rate of using sophisticated advanced computed aid and
statistical methods in various areas of environmental and
geo-sciences [27]–[29].

The use of ML models for soil properties model-
ing has received much attention from several researchers.

The capability of SVM in soil moisture estimation based
on remote sensing data was reported by Ahmad et al. [30].
The study confirmed the ability of the SVM model to
capture the variability in the measured soil moisture.
Rossel and Behrens [31] assessed the performance of differ-
ent ML models in estimating soil organic carbon (SOC), clay
content (CC), and pH. The evaluated models including multi-
ple linear regression (MLR), multivariate adaptive regression
splines (MARS), PLSR, RF, artificial neural network (ANN),
SVM, and boosted trees (BT) models. Based on the research
findings, the SVMmodel performed the best in estimating the
three soil properties as it produced the smallest error values
in all its VIS–NIR wavelengths, then followed by MARS and
PLSR. The performance of the PCR, PLSR, and ANNmodels
was investigated for analyzing the prediction accuracy of
organic carbon (OC) and extractable forms of potassium (K),
phosphorus (P), sodium (Na), and magnesium (Mg) [25].
The ANN model had the first 5 principal components (PCs)
that resulted from the principal component analysis (PCA)
and the optimal number of latent variables (LVs) from the
PLSR as its input variable. From the results, all the ANN-LV
models performed better than the PCR, PLSR, and ANN-PCs
models. The development of an SVMmodel for dynamic soil
electrical conductivity (EC) prediction has been reported by
Guan et al. [32]. The performance of the developed model
was validated against the ANN model and the results showed
that the SVM model gave a better prediction of the soil
EC values compared to the ANN model. ANN and PLSR
models were compared by Kuang et al. [33] for Vis-NIR
spectrophotometer calibration. The calibrated equipment is
intended for on-line soil OC, pH, and CC measurements in
two fields on a Danish farm. From the outcome of the on-line
independent validation, the performance of the ANN model
was better than that of PLSR in both fields. The study by
Brungard et al. [34] focused on the validation of several ML
models for soil taxonomic class prediction at three different
geographical areas in the semi-arid area of the western United
States of America. The validated models included cluster-
ing algorithms, multinomial logistic regression, discriminant
analysis, neural networks, SVM, and tree-based classifiers.
The results pointed towards better accuracy of the complex
models compared to the simple or moderately complex mod-
els. The feasibility of using digital elevation models (DEMs)
derivatives and ML models (k-nearest neighbor, SVM, deci-
sion tree (DT), and RF) for the prediction of the location and
extent of salt-affected areas within the Vaalharts and Breede
River irrigation schemes of South Africa was evaluated by
Vermeulen and Van Niekerk [35]. The outcome of the study
showed that relying on the elevation data and its derivatives as
input to ML and geostatistics serves better in monitoring the
level of salt accumulation in the irrigated areas, especially for
simulation of sub-surface conditions. Wu et al. [36] reported
the use of SVM and RF models for salinity prediction based
on a combined dataset. The outcome of the study showed bet-
ter performance of the RF model compared to SVM in terms
of accuracy and less normalized root mean square error upon
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FIGURE 1. Map of Iraq showing the Physiographic regions of Iraq and study locations modified from [44].

calibration with the training and validation datasets. Another
study by Wu et al. [37] reported the use of regressions with
RF and XGBoost models for establishing the relationships
between environmental variables and soil properties. The pro-
posed procedure was shown to perform an accurate mapping
of the other soil properties. Other numerous studies have
demonstrated the feasibility of using ML models in the field
of geosciences [38]–[43]. Although there have been several
researches conducted on soil properties determination, there
are very few researches adopted on the soil TDS predic-
tion. Proposing a computer aid model methodologies for soil
physicochemical properties determination can contribute to
diverse soil and geoscience engineering aspects.

To the best knowledge of the current research, three differ-
ent ML models (e.g., SVM, RF, and GBDT) were developed
for soil total dissolved salt prediction in the middle region
of Iraq. Datasets of several physicochemical soil properties
were used to construct the proposed predictive models in
the form of four different scenarios. The modeling results
were assessed and evaluated statistically and graphically and
numerous aspects were concluded based on the attained mod-
eling results. A list of abbreviations used in this paper is
tabulated in Table 1.

II. CASE STUDY LOCATION AND DATASET
The used dataset in the current research was collected from
five locations in the Iraq region. The locations are represented
five provinces within the Iraq country included Baghdad,

Baqubah, Karbala, Diwaniya, and Al Amarah (Figure 1) that
are located in central and southern parts of theMesopotamian
plain. The climate of this region is warm and dry with annual
rainfall between 100 and 500 mm, while the annual tempera-
ture is more than 22 ◦C.

The topographical map of the Iraq region is usually divided
into four physiographic regions. The Mesopotamian plain
is one of the main parts of it in addition to the Mountain
Region, the Undulating Region, and the Desert Region, each
region has specific climatological conditions and different
geological and hydrological properties Figure 1.

Except for the mountain region, the properties of Iraq soil
are characterized by dry climatic conditions which caused
a weak level of soil development. It is represented by the
type of diagnostic horizons and differences in morpholog-
ical, physical, chemical, and mineralogical properties with
a decrease of soil development from northern to southern
Iraq [44]. Mesopotamian, in the modern period, refers to all
the lands between the Euphrates and the Tigris rivers and
trends in the same direction of those rivers from northwest to
southeast orientation [45]. Geologically, the Mesopotamian
zone is almost flat and vast lowland located at the southern
part of the extensive geosynclines, more details for geological
units of the Plain are described in [46].

Several stratigraphic studies confirm that the
Mesopotamian Plain covered by the floodplain sed-
iments during the Quaternary and Recent geological
periods [44], [47]. According to the literature, five soil
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TABLE 1. A list of abbreviations used in this paper.

orders were recognized in Iraq: Aridisols Entisols Inceptisols
Mollisols, and Vertisols. These orders arranged based on their
percentage (62.2 %), (16.2%), (12.6%), (3.8%), and (1.2%),
respectively [44] Figure 2. In addition, the most common
accumulation within the Mesopotamia Plain that formed of
flood plains from the fluvial origin, Aeolian sediments were
also deposited which is accumulated and mixed with fluvial
deposits [48]. These accumulation sediments are composed
of an alternation of clay, silty clay, clayey silt, silt, sand, and
gravel [44].

As the arid regions of Asia, the soil types of the
Mesopotamian plain are dominated by Aridisols and Enti-
sols. Because of an extreme imbalance between the rainfall
and potential evapotranspiration patterns, arid soils show
variations with the common soil properties with different
diagnostic horizons. The common subsurface horizons are
related to the accumulation of different types of salts (calcium
carbonates, gypsum, as well as sodium). The accumulation
of salts is represented as a serious issue to agricultural land
use. Although Iraq’s soil salinity problem has existed since
ancient days, the floods cleared the salts and deposited a
new layer of silt and clay and thus natural processes have
assisted keep agriculture growing. However, the disruption
of floods in recent times and old irrigation processes in Iraq
helped increase salinity again [49]. In this study, different
types of datasets were used to determine the TDS magnitude
including Chemical properties such as Gypsum, SO3, Cl, OR,
specific gravity (Gs), and water content (Wn). In addition,
soil consistency limits (shrinkage, plastic, and liquid), plastic
limit (PL), liquid limit (LL), plasticity index (PI). Further-
more, soil sieve analysis including gravel, sand, silt, and
clay. A total of 211 observations tests were used to build the
applied predictive models. The statistical characteristics of
the dataset used in the study and corresponding normalized

FIGURE 2. Map of Iraq showing the distribution of soil orders in Iraq with
study locations modified from [44].

values are shown in Table 2 and Figure 3, respectively.
Figure (Figure 4) demonstrates the histogram and distribu-
tion density function for all implemented variables. It can
be seen that the gravel, Gs, Pl, SO3, have the high kurtosis
(>2) values and their distribution is far from the normal
distribution.
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TABLE 2. Statistical characteristics of the dataset used in the study.

FIGURE 3. Normalized values of the datasets used in the study.

III. MACHINE LEARNING MODELS DESCRIPTION
A. SUPPORT VECTOR MACHINE
Boser et al. [50] pioneered the SVMs based on the statistical
learning theory; it was proposed to rely on the structural risk
minimization (SRM) principle which provides that the capac-
ity concept of learning machines impacts their generalization
ability more than just the feature space dimensionality of
the number of free variables of the loss function. Reliance
on the SRM has consistently offered better solutions com-
pared to the principle of empirical risk minimization (ERM)
that was presented by Vapnik et al. [51]. This process of
constructing SVMs for regression tasks is briefly introduced
in this section. The block diagram of the SVM method is
shown in Figure 5 when using SVMs for estimating regres-
sion functions, 3 distinct characteristics are to be considered;
the first one is that the estimation of regression functions
based on SVMs rely on a set of linear functions which are
normally defined in a high dimensional space. The second
characteristic is that SVMs rely on risk minimization for esti-
mating regression and the measurement of the risk is based
on the insensitive loss function proposed by Vapnik. The
third one is that the risk function used in SVMs consists of a

regularization term and the empirical error; the regularization
term is derived based on the SRM concept. The generaliza-
tion capability of SVM can be improved by ensuring the
minimization of the sum of the errors of the training set
and the term that depends on the Vapnik–Chervonenkis (VC)
dimension. This work utilized SVM as a regression method
with the introduction of an e–insensitive loss function (Lε(y))
which is described as follows:

Lε(y) =
0, |f (x)− y| < ε

|f (x)− y| − ε, else
(1)

This reflects an ε tube wherein the loss is zero if
the predicted value lies within the tube, while the loss
becomes the magnitude of the variation of the predicted value
from the radius, ε, of the tube if the predicted point lies
outside the tube. Consider a training dataset that is comprised
of one training sample (x1, y1), · · · , (x1, y1), where x and
y are the input and output; the learning problem will then
become the selection of a function that will achieve an opti-
mal prediction of the actual response y in a manner that it is
as close as possible to the precision of ε. Consider the linear
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FIGURE 4. Histograms of the datasets used in the study.
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FIGURE 5. Methodology of SVM.

function:

f (x) = (w · x)+ b (2)

where, w ∈ Rn and b ∈ r ; w is an adjustable weight vector
while b is the scalar threshold; the n-dimensional vector space
is represented byRn and r is the one-dimensional vector space
representation. The aim of the ERM theory is to ensure the
minimization of the empirical risk function as defined by the
loss function; it is given as:

Remp(W ) =
1
l

l∑
i=1

(yi − f (w.xi))2 (3)

The construction of the empirical risk function is reliant
on the considered training samples; the constructed empirical
risk merges with the actual risk upon increasing the size of
the training sample. The SVMs primarily aim at finding a
function f (x) which will capture the deviation e from the
actual output (y), and at the same time be as flat as possible.
Considering Eq. (2), the flatness implies seeking a small w
and this, as per Smola and Scholkopf [52], can be achieved via
the minimization of the Euclidean 1

2 ‖w‖
2. Hence, the convex

optimization task involves:

Minimize:
1
2
‖w‖2

if : yi − (< w · xi > +b) 6 ε, i = 1, 2, · · · , l

(< w · xi > +b)− yi 6 ε, i = 1, 2, · · · (4)

The following cost function is minimized to achieve the
best regression line:

Minimize:
1
2
‖w‖2 + C

l∑
i=1

(ξi + ξ∗i )

if : yi − (< w · xi > +b) 6 ε + ξi, i = 1, 2, · · · , l

(< w · xi > +b)− yi 6 ε + ξ∗i , i = 1, 2, · · ·

ξi, ξ
∗
i ≥ 0, i = 1, 2, · · · , l (5)

where ξi and ξ∗i are the positive slack variables that capture
the excess deviation in the upper and lower regions while C
represents an error penalty that ensures a balance between the
empirical error and the regularization term; ε is the associated
loos function with the approximation accuracy of the training
dataset. Based on Eq. (2), the generic function can be used
for the constraints and the Lagrange optimization [53]; this
could be best described as follows:

f (x, ai, a∗i ) =
n∑
i=1

(ai − a∗i )K (x, xi)+ b (6)

where K (x, xi) is the kernel function. As per Mercer’s theo-
rem [54], the kernel function is introduced to avoid explicit
nonlinear mapping formation, thereby making the feature
space dimension more infinite; this significantly reduces the
computational load as it enables low dimensional input space
operation. Some of the commonly utilized kernels for non-
linear cases include polynomial (homogeneous), radial basis
function, polynomial (nonhomogeneous), Gaussian function,
and sigmoid function. Being that kernel representation uses
linear machines in hypothesizing real-world complex prob-
lems, it serves as a powerful alternative. This study employed
the radial basis function owing to its simplicity and capability
to achieve optimal performance when dealing with complex
problems.

B. RANDOM FOREST
Random Forest (RF) is a variant of the CART that was devel-
oped to improve the model’s prediction performance [55] and
its block diagram is shown in Figure 6. Its building process
is similar to that of the CART model just that it differed by
building many trees which gives rise to a forest of models.
Building each tree involves only a subset of the predictor
variables and the available data set during the building pro-
cess determines the number of trees to be built (ntree) and
the number of predictors to be used during the tree-building
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FIGURE 6. Methodology of RF.

process (mtry). A bootstrap sample of the original data set is
used to build each tree; this allows the estimation of the robust
error using the rest of the test set (the so-called Out-Of-Bag
(OOB) sample). The prediction of the excludedOOB samples
involves the use of the bootstrap samples and aggregation of
the OOB predictions from all trees [56].

A random forest presents a single prediction as its out-
come; it is presented as the average of all the aggregations.
Some of the advantages of this procedure include achiev-
ing higher prediction performance, no issue of overfitting,
low individual trees correlation as the forest’s diversity is
increased by using a small number of predictors, low vari-
ance/bias due to averaging over a good number of trees, and
estimation of the robust error from the OOB data. However,
the major problem of RF is that it has no black box feature,
and this makes it difficult to interpret the relationship of the
response-predictor variables as the structure of all trees in the
forest cannot be possibly investigated [57]. This shortcom-
ing can be overcome by ensuring the procedure allows the
estimation of the relevance of the variables by estimating the
decline in prediction accuracy before and after permuting a
variable.

C. GRADIENT BOOSTED DECISION TREE
Boosting is a technique that relies on the concept of merg-
ing a set of weak learners to achieve a better and higher
predictive performance [58]. It is a robust learning approach
that was initially proposed for classification tasks; however,

it has found application in other fields, such as regression.
Boosting is mainly considered when aiming to develop a
strong and powerful approach from a set of weak approaches
[59]. Regarding gradient boosting, it relies on additivemodels
that are trained in a forward stage-wise approach as follows:

Fm(x) = Fm−1(x)+ hm(x) (7)

where hm(X ) is the basis function (known as the weak learn-
ers). Considering the GBDT (shown in Figure 7), the basis
functions hm are small regression trees (RT) of regular size;
hence, the GBRT model Fm(X ) can be considered a sum-
mation of m small RT where the implementation of each
boosting iteration m requires the addition of a new RT to
the GBDT model. The aim of this procedure is to estimate
the response Y(i,t+k) from the given training set; this implies
achieving the perfect hm that will satisfy the condition:

Fm(xi,t ) = Fm−1(Xi,t )+ hm(Xi,t ) = Yi,t+k (8)

and this is the same as:

hm(Xi,t ) = Yi,t+k − Fm−1(Xi,t ) (9)

The parameter hm represents the fitting of the models to the
current residuals r(m,i,t) = Y(i,t+k)−F(m−1)(X(i,t)) at iteration
m. Note that the current residuals are the negative gradients
of the squared error loss function (SELF).

−
∂ 1
2 (Yi,t+k − Fm−1(Xi,t )

2)

∂Fm−1(Xi,t )
= Yi,t+k − Fm−1(Xi,t ) (10)
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FIGURE 7. Methodology of GBDT.

This implies that hm is equivalent to the negative gradient
of the SELF. From Eq. (11), it has shown that only gradi-
ent descent or steepest descent algorithms can minimize the
SELF. This can be generalized to other loss functions simply
by replacing the squared error with another form of the loss
function and its gradient [59]. Each boosting iteration goes
with the fitting of an RT to the current residuals and the incor-
poration of enough RTs to the final model will significantly
reduce its training error. A simple regularization strategy
towards avoiding overfitting is scaling each regression trees’
contribution by a factor v.

Fm(X ) = Fm−1(X )+ vhm(X ); v ∈ [0; 1] (11)

where parameter m is also termed the learning rate that
regulates the gradient descent procedure in terms of its step
length; v interacts strongly with M (the number of boosting
iterations). Smallerm values require more iterations, meaning
that the number of basis functions should be increased to
ensure convergence of the training error. It has been empir-
ically proven that better test errors are achieved with small
values of m. According to Hastie et al. [59], the learning rate
should be set to a small constant while M should be chosen
by early stopping. The interaction between v andM has been
detailed by [60].

D. MODELING DEVELOPMENT
In the current research, three ML models including SVM,
GBDT, and RF are applied to predict gypsum soil TDS. The
models were developed using NeuroSolutions software. The
experimental data are divided into two samples including
training (70%) and testing sample (30%). Four modeling
scenarios were adopted in this study to predict soil TDS. Sce-
nario 1 contains six variables ‘‘the soil chemical properties’’
as input variables including SO3, gypsum, Gs, OR, Wn, and
Cl. Scenario 2 includes the consistency soil limits including
PL, LL, and PI. Scenario 3 incorporates the soil sieve analysis
(gravel, sand, silt, and clay). Whereas, the fourth scenario
includes all the input variables introduced in the first three
scenarios. Here, the TDS is considered the predicted variable
for all the initiated modeling scenarios. To understand the
relationship between the input variables and output vari-
able more effectively, exploratory data analysis was applied
as displayed in Figure 8. Figure 8a depicts the correlation
matrix between the input variables and target variable for
the first modeling scenario. High correlation is presented
in blue color while white color denotes the low correlation
between variables. The change in correlation coefficient is
illustrated by the color intensity and the size of the circle.
Figure 8a shows that there is a significant correlation between
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FIGURE 8. Correlation between the input variables and the target one.

the two variables SO3 and gypsum. There is also a high
correlation between gypsum, SO3, and the TDS. The high
correlation is visualized by a big and blue circle while the
red and small circles show the low correlation between other
variables. The properties of the second scenario are visualized
in Figure 8b. It has been noticed that there is a moderate
correlation between PL and TDS, LL and PI, and between
PL and LL, respectively. Figure 8c shows that there is a
very small correlation between the sand, gravel, clay, silt,
and TDS. The overall view of the correlation coefficient
for the fourth modeling scenario between input and output
variables is presented in Figure 8d. This figure shows a
high correlation between a small number of variables pre-
sented in SO3, gypsum, and TDS. The correlation coefficient
among other variables is ranged between moderate and low
scale, and a large number of variables are located at a low
level.

E. PERFORMANCE METRICS
The performance of the applied predictive models for the
TDS prediction used in the discussed modeling scenarios of
the investigated dataset were validated using several statisti-
cal metrics including compared with Mean Error (ME), Root
Mean Square Error (RMSE), Mean Absolute Error (MAE),
Mean Percentage Error (MPE), Mean Absolute Percentage
Error (MAPE), and R-squared (R2) values. These perfor-
mance metrics were defined in equations 12, 13, 14, 15, 16,
and 17 respectively.

ME =
1
N

N∑
i=1

(Xi − X̂i) (12)

RMSE =

√√√√ 1
N

N∑
i=1

∣∣∣Xi − X̂i∣∣∣2 (13)
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TABLE 3. Statistical metrics for training and testing dataset for scenario 1.

MAE =
1
N

N∑
i=1

∣∣∣Xi − X̂i∣∣∣ (14)

MPE =
1
N

N∑
i=1

Xi − X̂i

Xi
× 100% (15)

MAPE =
1
N

N∑
i=1

∣∣∣Xi − X̂i

∣∣∣
Xi

× 100% (16)

R2
= 1−

∑N
i=1(Xi − X̂i)2∑N

i=1(Xi − Xmean)2
(17)

where, Xi and X̂i are the measured and predicted data at the
time of t . Xmean is the mean of the measured data and N is the
number of predicted values.

IV. APPLICATION RESULTS AND ANALYSIS
In this section, the modeling results of the applied predictive
models were discussed and assessed based on several statis-
tical and graphical presentations. The results of scenario 1
over the training dataset (in Table 3) showed that the RF
model yielded the highest squared correlation (R2 = 0.945)
followed by GBDT (R2 = 0.875) and SVM (R2 = 0.810)
models. The lowest errors were gained by the RF model with
RMSE (0.468), MAE (0.346), and MAPE (9.940). Over the
testing phase, the highest squared correlation was yielded by
the SVM model (0.824) followed by GBDT (0.753) and RF
(0.614). The lowest error was obtained by GBDTwith RMSE
(3.650), MAE (1.570), and MAPE (25.63). Based on the
presented statistical values of the performance metrics, it is
clearly indicated that the predictive models performed incon-
sistently over the training and testing modeling phases. This
is a normal fact as the predictive models behave differently
based on the learning process of the simulated dataset. How-
ever, this is emphasizing the utilization of different statistical
performance metrics and graphics to have been assessed and
evaluated for the predictive models.

According to the presented statistical results in Table 4,
the predictive models attained: SVM model (R2 = 0.337,
RMSE=4.653, and MAPE=70.112) and RF (R2 = 0.233,
RMSE = 4.852, and MAPE=56.10) models yield promis-
ing results than GBTD (R2 = 0.272, RMSE=5.289, and
MAPE=76.370) over the testing phase. With regard to
Table 4 results, the SVM model has a higher squared
correlation (0.337) than RF (0.232) in the testing phase
whereas the RF model has the lowest error metrics

TABLE 4. Statistical metrics for training and testing dataset for scenario 2.

TABLE 5. Statistical metrics for training and testing dataset for scenario 3.

TABLE 6. Statistical metrics for training and testing dataset for scenario 4.

among all three models in scenario 2 for both train-
ing (RMSE=4.362, MAE=2.544, and MAPE=58.167) and
testing (RMSE=4.852, MAE=2.670, and MAPE=56.10)
phases.

Table 5 clearly demonstrated that SVR model performed
the best owing to the highest squared correlation (0.464)
and lowest error measures (RMSE=5.22, MAE=2.775,
and MAPE=52.151), outperformed the GBTD (R2 =
0.374, RMSE=5.215, MAE=3.269, and MAPE=75.202)
and RF (R2 = 0.343, RMSE=4.578, MAE=2.782, and
MAPE=68.33).

Table 6 presented that the SVM model gained the high-
est squared correlation (0.849) during the testing phase of
scenario 4 whereas the GBDT has the lowest error metrics
(RMSE=3.882, MAE=1.556, and MAPE=22.84) among all
ML models. Thus, it can be concluded that SVR and GBDT
have better performance in predicting TDS of soil than RF in
scenario 4.

Using the models’ performance metrics over the testing
phases, the three ML models and for the four modeling
scenarios were reflected in the form of spider plots in Fig-
ure 9 for each scenario. According to Figure 9a, the GBTD
(R2 = 0.753, RMSE=3.650, and MAPE=25.63) by having
the lowest error metrics and despite lower the squared cor-
relation than SVM (R2 = 0.823) model was identified as
the superior predictive model in scenario 1. Based on the
prior reported statistical results and the spider plot given
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FIGURE 9. The spider plots for the applied predictive models over the four investigated modeling scenarios.

in Figure 9b, it can be inferred that the SVM model slightly
is superior to the RF model in the prediction of TDS of soil
in scenario 2. For the third modeling scenario, the spider
plot Figure (9c), the SVM proofs to be more accurate in
determining the TSDof soil than othermodels when the target
depends on the soil classification variables. According to the
spider plot presented in Figure (9d), the SVM offers more
promising results than the GBDT model in the estimation of
TDS of soil. In general, based on the analysis performed for
all the modeling scenarios, it can be found that Scenario 1 and
4 obtained the best results of applying theMLmodels with the
superiority of GBDT (in the first scenario) and SVM (in the
fourth scenario), respectively in capturing the non-linearity
between soil TDS and the other variables.

For a better assessment of the modeling results, visualiza-
tion was applied by using a scatter plot. The scatter plot was
drawn for all the predictive models and for every investigated
scenario as shown in Figures 10 and 11. The scatter plot has
the important manner of evaluating the performance of the
ML model to demonstrate the degree of deviation from the

ideal line. Figures 10 and 11 described the scatter plot for
scenarios 1, 2 and 3, 4, respectively.

A careful examination of the scatter plots in the first
scenario shows that the difference between the ranges of
predicted and observed values in the GBTD and RF models
is less than the SVM method and therefore has a better per-
formance in capturing the oscillating and non-linear behavior
of the data. In scenario 2, the SVM model with a correlation
coefficient value equal to 0.34 gained the best performance
in predicting TDS of soil in comparison with RF and GBDT
models. Also, Figure 11 depicted that the SVM model has
more compliance than RF and GBDT models with squared
correlation 0.464 and 0.849 for scenarios 3 and 4 respectively.
It is crystal clear that implementing the input combination
of scenario 4 with the SVM model regarding the least acute
angle of 95 percent confidence band is yielded the best cor-
relation relationship.

In the next graphical validation, the performance visu-
alization of physical trends soil’s TDS in all scenarios
was assessed which is demonstrated in Figures 12 and 13.
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FIGURE 10. Scatter plots for the total dissolved salts predictions for Scenarios 1 and 2.

A comparison of the performance for each of the predic-
tive methods and the four scenarios showed that the best
performance is related to scenarios 1 and 4 which GBDT
and SVR models were recognized as the superior models,
respectively. Besides, Scenario 4 comprised of all effective
input variables was yielded the most accurate results and
successfully capturing the non-linear behavior of TDS data
using the SVMmodel (R2 = 0.849). It can be noticed that the
SVM model in scenario 4 gave the highest performance with
R-squared of 0.85 by comparing it to other models.

The relative errors owned by each predictive model were
computed for all scenarios by using the violin plot which is
drawn for all scenarios as shown in Figure 14. In Scenario 1,

SVR model has the highest relative error range (-180.30% ≤
Er ≤ 85.45%) in comparison with GBTD model by relative
error range (-94.3%≤ Er ≤ 64.60%) andRFmodel (-35.30%
≤ Er ≤ 35.37%), respectively.

The violin plot of scenario 2 indicated that the high-
est range of relative error belongs to the GBDT model
(-282.40% ≤ Er ≤ 80.80%) and the lowest range of one
was owned by the RF model (-193.20% ≤ Er ≤ 83.50%)
model. Besides, the distribution of the violin plot in sce-
nario 3 demonstrates that GBDT model yielded the maxi-
mum value of relative error (-328.40% ≤ Er ≤ 76.30%)
followed by RF model (-679.70% ≤ Er ≤ 64.30%) and
SVR model (-287.50% ≤ Er ≤ 78.15%), respectively.
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FIGURE 11. Scatter plots for the total dissolved salts predictions for Scenarios 3 and 4.

Eventually, the highest and lowest relative error ranges in sce-
nario 4 belongs to SVM model (-187.25% ≤ Er ≤ 68.60%)
and RF model (-54.8% ≤ Er ≤ 79.60%), respectively. How-
ever, the relative error concentration of the GBDT model was
more compressed than RF and SVM models. Comparing the
distribution of relative error of predictive models indicated
the scenarios 1 and 4 have the best performance and most
acceptable accuracy in estimating TDS of soil to the lowest
error range, respectively. Furthermore, the RF model yielded
the lowest amount of relative error in the superior scenarios,
although the most consistent with the observational values is
belong to the SVM model and GBDT is stood in the second
rank.

To deeply appreciate the predictive model’s efficiency,
the cumulative frequency of absolute relative error (CFAE)

variation of all predictive models was assessed in each sce-
nario for better validation and examination of the model’s
ability for each modeling scenario in Figure 15.

In scenario 1, over 80% of the estimated TDS of soil given
by the GBDT model resulted in an absolute relative error of
lower than 40% while RF and SVM models obtained 42%,
and 73.0%, respectively. According to the CFAE variation
against the relative absolute error for scenario 2, the RFmodel
estimate 80%of the testing dataset with absolute relative error
less than 93%, SVMmodel predict 80% of testing data points
with absolute relative error less than 109%, and for GBTD
model was less than 126%.However, the RFmodel gained the
lowest correlation coefficient (0.272) in scenario 2, and SVM
was identified as the superiormodel for accurate estimation of
soil TDS. In scenario 3, the SVMmodel for more than 90% of
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FIGURE 12. Total dissolved salts predictions for Scenarios 1 and 2.

FIGURE 13. Total dissolved salts predictions for Scenarios 3 and 4.

all testing data points estimated TDS of soil with an absolute
relative error less than 118%, and around 95% dataset with a
relative absolute error less than 141%, whereas the RF model
can around 80% of dataset predict the TDS with a relative
absolute error less than 118%. Therefore, it can be inferred
that the SVM model achieved the most promising results
among all models in the third scenario. The error analysis of
scenario 4, as the most efficient combination, showed that the

RF model for more than 90% of the testing dataset predict
TDS of soil with a relative absolute error of 68% and GBDT
and SVM model for the same percentage of data points have
less than 54% and 80.8%, respectively.

An accurate comparison of the four modeling scenarios
indicated scenario 4 by using all input variables, respect to
capability in capturing non-linearity of the dataset, gaining
the highest squared correlation values, and lower error ranges

VOLUME 9, 2021 53631



N. D. Bokde et al.: TDS Prediction Using Neurocomputing Models

FIGURE 14. Percentage Relative errors for four discussed scenarios.

FIGURE 15. Cumulative frequency versus absolute relative errors for four discussed scenarios.

leads to more accurate results in estimating TSD of soil and
more efficiency in all predictive models. Besides, the sum-
mary of all the above analyzes demonstrated that the SVM
model with the highest squared correlation value (0.848) was

identified as themost accurate model in the prediction of TDS
value followed by GBDT and RF models, respectively.

Based on the reported modeling results, the authors
recommend that the current study can be measured using
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the committee (stacking) and ensemble-based machine learn-
ing models to combine the advantages of three under study
ML-based models for improving the precision of results
modeling.

V. CONCLUSION
The motivation of the current study was to develop a robust
and reliable machine learning predictive model (SVM, RF,
and GBDT) for TDS simulation using several associated
soil physicochemical variables. Dataset was collected from
five locations within the central and southern parts of the
Iraq region. Four different modeling scenarios initiated based
on the type of the selected dataset. The applied models are
analyzed and discussed based on several statistical measures
and graphical presentations. The research findings are sum-
marized as follows:
• Based on the correlation analysis, Gypsum concentra-
tion, Sulfur trioxide SO3, Chloride (Cl), and organic
matter (OR) are the essential soil properties for the TDS
concentration influence.

• Among all the investigated modeling scenarios, the first
and the fourth scenarios attained satisfactory prediction
results.

• The best modeling results of the applied ML models
with the superiority of GBDT model for the first sce-
nario and SVM model for the fourth scenario. In the
quantitative presentation, the SVMmodel reported max-
imum (R2 = 0.849) and minimum (RMSE=3.882) for
the fourth scenario over the testing phase.

• The best prediction process attained for the fourth sce-
nario where a combination of all the utilized input vari-
ables was used for the models learning process.

• Overall, the current research provided new methodolog-
ical technology for the TDS of soil prediction within an
acceptable degree of accuracy.
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