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Abstract
Soil contamination by heavy metals is very important for environmental scientists due to the greater mobilization of 
metals and the possibility of contamination of groundwater. One of the most effective tools for evaluating the risk is the 
combination of experimentation with computer modeling. Modeling techniques are important in assessing the potential 
risks associated with heavy metals in the environment. Determination of models that can precisely evaluate the heavy 
metals in soils is an important need of agricultural researches, which could eradicate the weaknesses in the measurement 
of heavy metals in soils. The purpose of the present study is to test and compare different models according to their suit-
ability for describing the estimation of heavy metals. The models used in this study were multilayer perceptron neural 
network (MLP), M5 model tree (M5) and bagging approach (BM5P). The data from 164 sampling sites from Neyshabur and 
Mashhad plains were taken in this study. The inputs combination according to feature selection-based correlation was 
used to feed the models. To model soil heavy metals, soil attributes, namely sand, silt, clay (as texture fractions), organic 
carbon, pH and available phosphorus, were entered in some models. To evaluate the performance of various techniques 
used in this study, several statistical indexes, including the correlation coefficient, root-mean-square error, Nash–Sutcliffe 
coefficient, Willmott’s index (d) and mean absolute error, were assessed. Comparison of different models for Fe, Cu, Mn 
and Zn indicated that MLP is the most suitable method for estimations of Fe and Mn, whereas BM5P and M5P are the 
most suitable models for determinations of Cu and Zn, respectively. This study concluded that machine learning models 
can be successfully applied to the rapid prediction of soil heavy metals using soil variables.
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Abbreviations
MLP  Multilayer perceptron neural network
BM5P  Bagging approach
OC  Organic carbon
Ava. P  Available phosphorus
CC  Correlation coefficient
RMSE  Root-mean-square error
NSE  Nash–Sutcliffe coefficient
MAE  Mean absolute error
Cu  Copper
Zn  Zinc
Fe  Iron

Mn  Manganese
AAS  Atomic absorption spectrometer

1 Introduction

Soil comprises reduced and non-renewable resources that 
required being preserved, although they are polluted by 
various heavy metals [1–6]. Heavy metals accumulation in 
soil have negative impact on the environment and endan-
ger the human’s health and ecosystems via energy and 
material cycling [7]. The industrial, urban and agricultural 
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activities are the major causes for soil contamination [8, 9]. 
Reducing and controlling the pollution of heavy metals in 
soils is to find out the sources of contamination [10, 11]. 
On local scale, agricultural soils are being polluted by addi-
tion of heavy metals through natural and human activi-
ties [12–14]. Heavy metals in agricultural soils are mainly 
derived from weathering of parent materials, industrial 
emissions, disposal of high metal wastes, fertilizers, agro-
chemicals, irrigation water, atmospheric accumulation 
and pesticides [15, 16]. Each conclusion concerning the 
function of any assessment in soil quality and organization 
should be established on authentic data on the degree 
and causes of heavy metal contamination in a region 
[17]. Hence, the investigation and distribution of heavy 
metal pollution causes in agricultural soils on local level 
is important.

The elevated spatial diverseness of heavy metals in 
soils, the wide arrayness of pollution causes and improper 
long-term monitoring information are the issues for sci-
entists to evaluate the multi-source pollution of heavy 
metals from agricultural soils on a local level; searching 
appropriate approaches to tackle this issue is important. 
For solving all these issues, modeling approaches serve as 
important techniques in investigation and apportionment 
of heavy metal source [18]. These techniques required a 
minute sample size, and consequently time and work are 
cost-efficient [19]. Diverse modeling approaches have 
been used for the determination of associations among 
spatial distribution of soil characteristics. Extrapolative 
mapping techniques such as geostatistical, linear and mul-
tiple regression, and neural networks have been effectively 
applied for soil mapping [20, 21]. In Iran, widespread usage 
of pesticides, fertilizers and fast expansion of industrial 
and urban development took place, but there is no appro-
priate data about agricultural soils of different land types 
in Iran and standard procedures regarding different mod-
eling techniques. With this objective, the present research 
was made to develop models to determine its possibility 
to assess heavy metals such as Fe, Mn, Cu and Zn in agri-
cultural soils of Northeastern Iran employing modeling.

2  Materials and methods

2.1  Study area

Neyshabur plain, Khorasan-e-Razavi Province, Northeast 
Iran, was chosen for the present study (Fig. 1). Neyshabur 
plain is situated between lat. (35°40′N–36°40′N) and 
long. (58°12′E–59°31′E) with altitude of 1256 m above 
mean sea level and Mashhad Plain is located between 
lat. (35°59′N–37°04′N) and long. (58°22′E–60°07′E), and 
900–1500 m above sea level. The climate of Neyshabur 

plain is semiarid with average annual precipitation of 
233.7 mm and average annual temperature of 14.5 °C. 
The irrigated farming is the major land use approach in 
Neyshabur plain. Mashhad plain is described by semiarid 
climate with average annual temperature and precipita-
tion of 15.8 °C and 222.1 mm, respectively. The primary 
soil types are Calcaric Fluvisols, Calcaric Cambisols, Cal-
caric Regosols and Gypsic Regosols, found in colluvial fans, 
pediment plains, plateau and upper terraces, respectively. 
Mashhad plain is mainly consisting of granitic and meta-
morphic rocks. The major portions of these rocks are cov-
ered with loess deposit. Soil texture changed from loam to 
sandy loam, and sandy loam to sandy clay loam.

2.2  Soil sampling and analysis

A digital elevation model (DEM) with 10 × 10 m grid size 
was prepared using ArcGIS software from topographic 
map (1:25,000 scale) with 10 m contour lines distance. A 
total of 164 soil samples were collected from 0 to 30 cm 
and 30 to 60 cm soil depth by stratified random sampling 
technique. The sampling points were prepared in such a 
way that indicate all the main soils and land use types. 
The collected soil samples were cleaned by removal of 
plant materials and other pebbles, air-dried, powered and 
sieved by using 2-mm sieve. The soil pH was determined 
with the help of digital pH meter [22]. Soil textural prop-
erties [sand (0.05–2 mm), silt (0.002–0.05 mm) and clay 
(< 0.002 mm)] were estimated by the hydrometer method 
[23]. Soil organic carbon (SOC) content was estimated by 
following Walkley and Black [24]. Heavy metals (Fe, Mn, 
Cu and Zn) in the agricultural soils were estimated by 
atomic absorption spectrometer (AAS). The soil samples 
were digested by the aqua regia method by following the 
protocol of Kumar et al. [25]. The limits of detection of the 
instrument were: Fe (7.3 mg/l), Cu (1.2 mg/l), Mn (1.0 mg/l) 
and Zn (1.6 mg/l). For quality assurance and quality control 
(QA–AC), the standards and blanks were run after every 
five samples to check the 95% accuracy of instrument 
[1]. The 95–105% recovery rates for samples spiked with 
standards authenticated that the results were satisfactory 
[26].

2.3  Multilayer perceptron neural network (MLP)

McCulloch and Pitts [27] first time proposed the artifi-
cial neural network. In general, the layered perceptron 
neural network structure contains three layers: the input, 
hidden and target layers. Each layer includes the num-
ber of neurons (Fig. 2). The number of neurons in the 
input and output layers is determined by the nature of 
the problem under consideration, while the number 
of neurons in the hidden layers, as well as the number 
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of these layers, is determined by the trial and errors to 
reduce the amount of error by the user [28, 29]. Each of 
the neurons in the input layer is weighted whose value 
determines the effect of each variable on the input layer 
performance. Each neuron consists of two parts: In the 
first part, the weighted sum of the input values is com-
puted, and in the second part, the output of the first part 

is in form of a mathematical function and through which 
the output of the neuron is calculated. This mathemati-
cal function is referred to as the actuator function, the 
threshold function, or the transfer function which func-
tions like a nonlinear filter and makes the output of the 
neuron in a number range [30].

Fig. 1  Location of study 
area and sampling points 
(up: Mashhad plain, down: 
Neyshabur plain)
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2.4  M5 model tree (M5)

M5 tree, introduced by Quinlan [31], is a decision tree 
learner for regression problems. This tree algorithm 
assigns linear regression functions at the terminal nodes 
and fits a multivariate linear regression model to each 
subspace by classifying or dividing the whole data space 
into several subspaces. The M5 tree method deals with 
continuous class problems instead of discrete classes and 
can handle tasks with very high dimensionality. It reveals 
piecewise information of each linear model constructed to 
approximate nonlinear relationships of the dataset.

The information about the splitting criteria for the M5 
model tree is gained based on the calculation of error at 
each node. The error is analyzed by the standard deviation 
of the class values that arrive at a node. The attribute that 
maximizes the expected error reduction resulted from the 
testing of each attribute at that node is chosen for split-
ting at the node. The standard deviation reduction ( SDR ) 
is calculated by:

where K  indicates set of instances that attain the node; 
Ki indicates the subset of illustrations that have the ith 
product of the possible set; and sd indicates the standard 
deviation.

2.5  Bagging approach (BM5P)

Bagging is a machine learning ensemble meta-algorithm, 
which is designed to improve the stability and accuracy 
of machine learning algorithms used in statistical classifi-
cation and regression. It also reduces variance and helps 
to avoid overfitting. Bagging is a special case of the model 

(1)SDR = sd(K ) −
∑ ||Ki||

|K |
sd
(
Ki

)
,

averaging approach. Bagging is a process to develop a train-
ing dataset by randomly drawing with substitute X exam-
ples, where X is the size of the initial training set [32], or a 
randomly selected part of the training set will be used for 
the construction of individual trees for every feature/feature 
blend. In case of bagging (bootstrap sample), training set 
consists about 70% of data from the initial dataset; thus, 
the remaining 30% of the data are missing from every tree 
matured. These missing data are called out-of-bag (out of 
the bootstrap sampling). Bagging leads to “improvements 
for unstable procedures” [33] which include, for exam-
ple, ANN, classification and regression trees, and subset 
selection in multi-linear regression.

2.6  Model evaluation criteria

To evaluate the performance of various techniques used 
in this study, several statistical indexes, including the cor-
relation coefficient (CC), root-mean-square error (RMSE), 
Nash–Sutcliffe coefficient (NSE), Willmott’s index (d) and 
mean absolute error (MAE), are assessed.

The closer the CC to unity, the higher the agreement 
among actual and predicted values. The precision in the 
prediction is higher when the values of RMSE and MAE 
approach zero. The closer the NSE and d values to unity, the 
higher the accuracy in prediction. The considered perfor-
mance evaluation parameters are defined as follows:
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a
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Fig. 2  Simple configuration of 
multilayer perceptron neural 
network
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where k are the observed values, l predicted values and a 
number of observations.

2.7  Model development

Total dataset consists of 164 observations of Fe, Mn, Zn, 
Cu, pH, OC, sand, silt, clay and available P (Ava. P). Out of 
164 observations, 117 were selected for model prepara-
tion, 24 were selected for testing and rest 23 were used 
for validation purposes. Figure 3 indicates the correlation 

(4)d = 1 −

∑a

i=1
(l − k)

2

∑a

i=1

����l − k̄
���
�
+
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�2
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2
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1

a
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|l − k|
)
,

among various variables, and input combination for model 
development for Fe, Mn, Zn and Cu is given in Table 1.

2.8  Implementation of machine learning methods

Five standard statistical measures, CC, RMSE, d, NSE 
and MAE, were selected to assess the performance of 
the machine learning methods. Numerous trials were 
carried out to find optimum value of primary param-
eters. Higher values of CC, d and NSE and lesser values 
of RMSE and MAE indicate better estimation accuracy 
of the models. In M5P, calibration of models was done 
by changing the value of number of instances allowed 
at each node (m), and iteration and number of instances 
are the primary parameters of Bagged M5P tree model. 
Hidden layers, number of neurons, learning rate, 
momentum and iteration are the primary parameters 
for the ANN model.

3  Results

3.1  Models for Fe (mg/kg)

3.1.1  Dataset

The preparation of training, testing and validation dataset 
is like Zn, Cu and Mn dataset. Descriptive statistics of total 
dataset for Fe (mg/kg) are represented in Table 2, in which 
pH, sand, silt and Ava. P are input parameters and Fe is 
the output. Descriptive statistics of datasets utilized for 
training (n = 117), testing (n = 24) and validation (n = 23) for 
Fe (mg/kg) are listed in Table 3. Figure 4 indicates the 3D 
surface plot of Fe (mg/kg) against silt (%) and pH.

3.1.2  Assessment of model’s performance in Fe (mg/kg) 
estimation in soil

Performance evaluation parameters considered for mod-
el’s performance evaluation are same as for implementing 
Zn, Cu and Mn models’ evaluation. Figure 5 shows the scat-
ter plot between actual and predicted Fe (mg/kg) in soil 
using MLP-, M5P- and Bagged M5P-based models for train-
ing, testing and validation stages. The prediction accuracy 
of MLP model (RMSE = 1.4625, MAE = 1.0473 for testing and 
RMSE = 1.2890, MAE = 0.9890 for validation) is found higher 
than M5P and BM5P models. Table 4 indicates that MLP 
model is most suitable model than M5P- and BM5P-based 
models for the estimation of Fe for this dataset.  
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Fig. 3  Correlation on input and target variables

Table 1  Inputs combination according to feature selection-based 
correlation (n = 164)

Target Input

Fe (mg/kg) Sand + silt + pH + Ava.P
Mn (mg/kg) OC + clay + pH + Ava.P
Zn (mg/kg) Sand + silt + clay + Ava.P
Cu (mg/kg) Sand + silt + OC
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3.2  Models for Cu (mg/kg)

3.2.1  Dataset

The preparation of training, testing and validation dataset 
is like Zn dataset. Descriptive statistics of total dataset for 

Cu (mg/kg) (n = 164) are represented in Table 2, in which 
organic carbon (OC), sand and silt are input parameters 
and Cu is the output. Descriptive statistics of datasets 
utilized for training (n = 117), testing (n = 24) and valida-
tion (n = 23) for Cu (mg/kg) are listed in Table 3. Figure 6 

Table 2  Descriptive statistics 
for Fe, Cu, Mn and Zn (mg/kg) 
(n = 164)

The data were significant at P < 0.05

Variables Mean Min Max SD CV Skewness Kurtosis

Fe 3.56 1.16 9.64 1.61 45.4 1.01 1.07
pH 8.01 7.5 8.40 0.18 2.29 − 0.62 0.02
Sand 35.74 13.0 73.0 11.03 30.86 0.70 0.92
Ava. P 12.68 1.20 63.2 12.9 102.1 1.90 3.26
Silt 43.66 19.0 66.0 9.55 21.88 − 0.09 − 0.49
Cu (mg/kg) (n = 164)
 Cu 1.31 0.62 3.46 0.48 36.5 1.19 2.11
 OC 0.58 0.11 1.61 0.31 53.4 1.36 2.04
 Sand 35.74 13.0 73.0 11.03 30.8 0.70 0.92
 Silt 43.66 19.0 66.0 9.55 21.8 − 0.09 − 0.49

Mn (mg/kg) (n = 164)
 Mn 6.80 1.64 21.0 3.29 48.4 1.51 3.23
 pH 8.01 7.50 8.40 0.18 2.2 − 0.62 0.02
 OC 0.58 0.11 1.61 0.31 53.4 1.36 2.04
 Clay 20.59 4.00 41.0 6.95 33.7 0.12 − 0.29
 Ava. P 12.68 1.20 63.2 12.9 102.1 1.90 3.26

Zn (mg/kg) (n = 164)
 Zn 1.63 0.20 13.9 2.68 163.9 3.04 8.88
 Sand 35.74 13.0 73.0 11.03 30.8 0.70 0.92
 Silt 43.66 19.0 66.0 9.55 21.8 − 0.09 − 0.49
 Clay 20.59 4.0 41.0 6.95 33.7 0.12 − 0.29
 Ava. P 12.68 1.2 63.2 12.95 102.1 1.9 3.26

Table 3  Descriptive statistics 
of datasets utilized for training, 
testing and validation

The data were significant at P < 0.05

Mean Minimum Maximum SD C.V. Skewness Kurtosis

Fe (mg/kg)
 Train (n = 117) 3.53 1.16 9.64 1.50 42.5 0.99 1.67
 Test (n = 24) 3.75 1.38 8.76 2.03 54.2 0.99 0.15
 Validation (n = 23) 3.51 1.38 7.72 1.75 50.1 0.99 0.22

Cu (mg/kg)
 Train (n = 117) 1.33 0.62 3.46 0.49 37.2 1.41 2.80
 Test (n = 24) 1.30 0.66 2.16 0.49 37.8 0.40 − 1.26
 Validation (n = 23) 1.25 0.68 2.16 0.40 32.0 0.36 − 0.64

Mn (mg/kg)
 Train (n = 117) 6.64 1.64 21.06 3.04 45.8 1.63 4.46
 Test (n = 24) 6.63 2.02 18.08 3.65 55.1 1.59 3.14
 Validation (n = 23) 7.80 2.16 18.2 4.04 51.8 1.02 1.22

Zn (mg/kg)
 Train (n = 117) 1.71 0.2 13.9 2.78 162.3 3.07 9.12
 Test (n = 24) 1.28 0.2 10.1 2.36 184.2 3.26 10.14
 Validation (n = 23) 1.59 0.3 10.46 2.52 158.3 2.82 7.70
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Fig. 4  3D surface plot of Fe (mg/kg) against pH and silt (%)
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Fig. 5  Performance of MLP, M5P and BM5P for estimating Fe

Table 4  Performance evaluation parameters for MLP, M5P and 
BM5P techniques using Fe, Cu, Mn, Zn dataset

Approaches CC RMSE NSE d MAE

Fe dataset

 Training dataset

  MLP 0.665 1.119 0.442 0.778 0.863

  M5P 0.625 1.197 0.361 0.663 0.885

  BM5P 0.685 1.153 0.407 0.683 0.850

 Testing dataset

  MLP 0.693 1.462 0.461 0.812 1.047

  M5P 0.615 1.691 0.280 0.562 1.181

  BM5P 0.569 1.748 0.231 0.508 1.278

 Validation dataset

  MLP 0.668 1.289 0.438 0.747 0.989

  M5P 0.543 1.458 0.281 0.597 1.153

  BM5P 0.643 1.398 0.339 0.603 1.111

Cu dataset

 Training dataset

  MLP 0.451 0.440 0.203 0.572 0.331

  M5P 0.573 0.409 0.312 0.636 0.311

  BM5P 0.603 0.403 0.330 0.633 0.306

 Testing dataset

  MLP 0.689 0.359 0.450 0.747 0.324

  M5P 0.599 0.395 0.332 0.650 0.356

  BM5P 0.673 0.379 0.386 0.672 0.349

 Validation dataset

  MLP 0.632 0.316 0.357 0.707 0.271

  M5P 0.614 0.325 0.317 0.675 0.287

  BM5P 0.678 0.306 0.398 0.692 0.253

Mn dataset

 Training dataset

  MLP 0.501 2.623 0.251 0.619 1.968

  M5P 0.622 2.453 0.345 0.649 1.841

  BM5P 0.627 2.424 0.360 0.666 1.806

 Testing dataset

  MLP 0.698 2.744 0.412 0.695 2.079

  M5P 0.554 3.067 0.266 0.579 2.429

  BM5P 0.258 3.710 − 0.073 0.476 2.891

 Validation dataset

  MLP 0.343 3.936 0.010 0.507 2.934

  M5P 0.047 4.242 − 0.148 0.355 3.006

  BM5P 0.153 4.131 − 0.089 0.388 2.958

Zn dataset

 Training dataset

  MLP 0.607 2.202 0.367 0.708 1.289

  M5P 0.605 2.278 0.323 0.614 1.339

  BM5P 0.590 2.289 0.316 0.614 1.345

 Testing dataset

  MLP 0.960 0.828 0.871 0.967 0.710

  M5P 0.773 1.751 0.426 0.699 1.246

  BM5P 0.785 1.697 0.461 0.733 1.223

 Validation dataset

  MLP 0.338 2.361 0.088 0.297 1.391

  M5P 0.552 2.115 0.268 0.535 1.188

  BM5P 0.487 2.214 0.199 0.445 1.372
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indicates the 3D surface plot of Cu (mg/kg) against OC 
(%) and sand (%).

3.2.2  Assessment of model’s performance in Cu (mg/kg) 
estimation in soil

Performance evaluation parameters considered for mod-
el’s performance evaluation are same as for implement-
ing Fe model evaluation. Figure 7 shows the scatter plot 
between actual and predicted Cu (mg/kg) in soil using 
MLP-, M5P- and Bagged M5P-based models for training, 
testing and validation stages. The prediction accuracy of 
BM5P model (RMSE = 0.3794, MAE = 0.3498 for testing and 
RMSE = 0.3060, MAE = 0.2537 for validation) is found higher 
than MLP- and M5P-based models.

3.3  Models for Mn (mg/kg)

3.3.1  Dataset

The preparation of training, testing and validation data-
set is like Fe and Cu dataset. Descriptive statistics of total 
dataset for Mn (mg/kg) (n = 164) are represented in Table 2, 
respectively, in which pH, organic carbon (OC), clay and 
Ava. P are input parameters and Mn is the output. Descrip-
tive statistics of datasets utilized for training (n = 117), test-
ing (n = 24) and validation (n = 23) for Mn (mg/kg) are listed 

Table 4  (continued)

Coefficient of correlation (CC), root-mean-square error (RMSE), 
Nash–Sutcliffe coefficient (NSE), Willmott’s index (d) and mean 
absolute error (MAE)

Bold italic values are indicated to the best suited model for the esti-
mation of particular heavy metal

Fig. 6  3D surface plot of Cu (mg/kg) against OC (%) and sand (%)
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Fig. 7  Performance of MLP, M5P and BM5P for estimating Cu

Fig. 8  3D surface plot of Mn (mg/kg) against OC (%) and clay (%)
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in Table 3. Figure 8 indicates the 3D surface plot of Mn 
(mg/kg) against clay (%) and OC (%).

3.3.2  Assessment of model’s performance in Mn (mg/kg) 
estimation in soil

Performance evaluation parameters considered for mod-
el’s performance evaluation are same as for implementing 
Fe and Cu models’ evaluation. Figure 9 shows the scatter 
plot between actual and predicted Mn (mg/kg) in soil 
using MLP-, M5P- and Bagged M5P-based models for train-
ing, testing and validation stages. The prediction accuracy 
of MLP model (RMSE = 2.7447, MAE = 2.0795 for testing and 
RMSE = 3.9365, MAE = 2.9342 for validation) is found higher 
than M5P and BM5P models. Table 4 indicates that MLP 
model is most suitable model than M5P- and BM5P-based 
models for the estimation of Mn in soil for this dataset. 

3.4  Models for Zn (mg/kg)

3.4.1  Dataset

The whole dataset containing 164 observations from field 
was divided into three parts such as training, testing and 
validation, respectively. Training data involve 70% of the 
total data chosen randomly from whole dataset, while test-
ing and validation data involve remaining 15% and 15% of 
the total dataset. Descriptive statistics of total dataset for 
Zn (mg/kg) (n = 164) are given in Table 2, and descriptive 
statistics of datasets utilized for training (n = 117), testing 
(n = 24) and validation (n = 23) for Zn (mg/kg) are repre-
sented in Table 3 in which sand, clay, silt and Ava. P are 
input parameters and Zn is the target. Figure 10 indicates 
the 3D surface plot of Zn (mg/kg) against sand (%) and 
silt (%).

3.4.2  Assessment of model’s performance in Zn (mg/kg) 
estimation in soil

To compare the performance of models, CC, RMSE, NSE, d 
and MAE values were considered as performance evalu-
ation parameters. Figure 11 illustrates the scatter plot 
between actual and predicted Zn (mg/kg) in soil using 
MLP-, M5P- and Bagged M5P-based models for train-
ing, testing and validation stages. Few predicted values 
of Zn by MLP are negative. MLP model is not suitable for 
the estimation of Zn in soil. The prediction accuracy of 
M5P model (RMSE = 1.7513, MAE = 1.2464 for testing and 
RMSE = 2.1154, MAE = 1.1885 for validation) is found higher 
than BM5P model (RMSE = 1.6979, MAE = 1.2230 for testing 
and RMSE = 2.2140, MAE = 1.3727 for validation). Table 4 
indicates that M5P model is most suitable model than MLP 
and BM5P.
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Fig. 9  Performance of MLP, M5P and BM5P for estimating Mn Fig. 10  3D surface plot of Zn (mg/kg) against sand (%) and silt (%)
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4  Discussion

Generally, a quick and suitable method for estimating 
heavy metal contents in soil is illustrated in this investi-
gation. Actually, experimentally investigation of heavy 
metal contents in soil is very expensive, hard, laborious 
and time-consuming, whereas computer-based methods 
are easier and less time-consuming. These methods pro-
vide a valid tool for estimating heavy metal contents in soil 
near mining and suburban regions, thus facilitating the 
management and assignment of human settlements and 
other natural resources. Previous studies have reported 
that statistical methods and artificial neural networks can 
be successfully applied for estimating various other heavy 
metal contents in soils in various regions [34–37]. In this 
study, four popular and dominant soft computing tech-
niques were used for the estimation of heavy metals in 
soil. However, only four heavy metals were investigated in 
the present work. The influences of other heavy metals on 
the prediction accuracy were not taken into consideration.

From the results, it was observed that MLP-based mod-
els worked better than M5P- and BM5P-based models for 
the prediction of both Fe and Mn. Figure 4 suggests that 
estimation values of Cu using BM5P are close to line of 
perfect agreement than the values of other modeling 
(independent variables: organic carbon (OC), sand and 
silt). Figure 11 indicates that M5P models work superior 
than other approaches for the estimation of Zn with bet-
ter standard statistical values (CC, RMSE, d, NSE, MAE). MLP 
model predicts some negative values in estimation of Zn 
metal. Overall performance of discussed approaches is sat-
isfactory for the estimation of heavy metals in soil.

5  Conclusions

The prediction of soil pollution examines a significant 
field of study with regard to the overall concern of envi-
ronmental protection issues. Determination of models 
that can accurately estimate the heavy metals in soils is 
an important need of agricultural researches, which could 
eliminate the weaknesses in the measurement of heavy 
metals in soils. In this study, using MLP, M5P and BM5P 
models, heavy metals (Zn, Cu, Mn and Fe) were estimated 
and modeled for arid region of Iran. In this regard, dif-
ferent models have been developed for different metals 
using the above-discussed machine learning techniques. 
Finally, the accuracy of each model was investigated in 
terms of performance evaluation parameters. The experi-
mental data collected from field samples were used in this 
study. The comparison of the performance of these models 
in predicting the heavy metals in soils showed that M5P 
model predicts the Zn content in soil and that BM5P model 
predicts the Cu content in soil with a much higher accu-
racy and less error than the other models. Outcomes of 
performance assessment parameters suggested that MLP 
model performed better than other models for predicting 
the Mn and Fe contents in soils. MLP Mn model included 
the combination of pH, organic carbon (OC), clay, Ava. P 
and MLP Fe model included the combination of pH, sand, 
silt and Ava. P in this study.
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