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ABSTRACT
This research is to predict heavy metal levels in plants, particularly in Robinia pseudoacacia L., and
soils using an effective artificial intelligence approach with some ecological parameters, thereby
significantly eliminating common defects such as high cost and seriously tedious and time-con-
suming laboratory procedures. In this respect, the artificial neural network (ANN) is employed to
estimate the concentrations of essential heavy metals such as Fe, Mn and Ni, depending on the
Cu and Zn concentrations of plant and soil samples collected from five different locations. The
derived relative errors for the constructed ANN model have been computed within the ranges
0.041–0.051, 0.017–0.025, and 0.026–0.029 for the training, testing and holdout data regarding Fe,
Mn, and Ni, respectively. In addition, it has been realized that the relative errors could be dimin-
ished up to 0.007 for Fe, 0.014 for Mn and 0.022 for Ni by considering the Cu, Zn, location and
plant parts as independent variables during the analysis. The results produced seem instructive
and pioneering for environmentalists and scientists to design optimal study programs to leave a
livable ecosystem.

NOVELTY STATEMENT
The levels of essential heavy metals, Fe, Mn, Ni, based on Zn and Cu in plant and soil samples
have been predicted through an AI-based prediction model, a class of feedforward artificial neural
networks (ANNs) with a multilayer perceptron (MLP). Thereby common drawbacks such as high
cost and severely time-consuming laboratory procedures have been significantly eradicated. In the
evaluation of different pollution levels at locations, it has been shown that the ANN method can
overcome several disadvantages of analytical element analyzers to monitor the amounts of heavy
metals such as Fe, Mn, and Ni in soil and plants.
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Introduction

Analysis and evaluation of heavy metal content in plants
and soil is vital for ecological life, as the diversity of these
elements affects the abundance and richness of vegetation.
In this context, very close to nature mathematical models
describing environmental processes have been becoming one
of the most important targets carefully followed by research-
ers and their stakeholders. Mathematical models are fre-
quently employed to understand, analyze and overcome
problems especially regarding the biological systems (Gill
et al. 2012). Mathematical modeling of a problem that repre-
sents a special part of nature allows scientists to make accur-
ate predictions without conducting biochemical experiments.
Advances in computer systems and software engineering
lead to the arise of new research areas such as “Artificial
Neural Network Modeling”. This approach can be applied to

better understand many complex problems that arise in
various fields of science (Sari and Cetiner 2009; Sari
et al. 2021).

Since the type and degree of pollution directly affect liv-
ing organisms, the construction of a mathematical model to
make scientific predictions concerning environmental pollu-
tion should be considered to be necessarily a useful tool for
observation, comprehension, and control in furtherance of
authorities’ decision-making processes. Predictions concern-
ing pollution have a crucial role in environmental sciences
since they enable the academic community make significant
estimations and hereby the decision-making authorities give
environmentally friendly arrangements (Crouse et al. 2009;
Peng et al. 2016; Cabaneros et al. 2017). The relationship
between the metabolism of living systems and environmen-
tal pollution type and also its level might be well established
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using mathematical models (Jaskulak et al. 2020; Sen
et al. 2020).

As being one of the most important factors affecting liv-
ing organisms, heavy metal pollution has a special import-
ance in environmental pollution (Turan et al. 2020).
However, while some heavy metals (Pb, Cr, Cd, and Hg)
have a direct toxic effect, some other heavy metals such as
copper (Cu), iron (Fe), manganese (Mn), nickel (Ni), and
zinc (Zn) are considered as essential elements (Jothimani
et al. 2017). Because of their beneficial effects on plant
growth and development, the amounts of these essential
heavy metals in the plant body are of vital importance. For
this reason, examinations to monitor the amount of these
elements in plants and soil are carried out in field studies
(Ozyigit et al. 2018; Yalcin et al. 2020; Fang et al. 2021;
Jeddi et al. 2021). Reduced amounts of these essential heavy
metals can lead to deficiency symptoms, while excessive lev-
els can cause toxicity. Therefore, a strict balance in plants is
necessary to avoid health consequences (Ozyigit et al. 2018).

Although there are remarkable studies investigating the
mathematical modeling of environmental pollution dynam-
ics (Serbula et al. 2012; Cristaldi et al. 2020; Diaconu et al.
2020; Likus-Cieslik et al. 2020; Pulscher et al. 2020), to our
knowledge, no study on predicting the degree and dynamics
of environmental pollution with artificial intelligence
approaches has been found yet as in this study. Albeit there
are valuable studies conducted on determination of Cr pol-
lution, it has not been demonstrated clearly via artificial
intelligence approaches.

As mentioned in the literature, environmental pollution
in various ecosystems is a great concern and has been
studied with different approaches so far. However, as a trad-
itional method, experimental analysis of pollution usually
requires high costs and investment of labor. In the literature,
optical emission spectroscopy (Yilmaz et al. 2015; Ozyigit
et al. 2022), biosensors (Guo et al. 2018), sensor networks
(Luo and Yang 2019), mass spectrometry (Matsui et al.
2020), nanostructures (Cui et al. 2020) etc. are used to
evaluate pollution. Besides their benefits, many of these
techniques are disadvantageous because of being expensive
or time-consuming or not practical in use (Sari et al. 2021;
Arshad et al. 2022; Sohrabi et al. 2022; Zhao et al. 2022).
Thus, the mathematical modeling can be proposed as an
alternative method for the scientific prediction of heavy
metal pollution. The ANNs, a quite flexible tool and free of
strict assumptions, has a growing interest in the academic
society to obtain more accurate responses of environmental
problems like heavy metal pollution. This study pursuing
the examination regarding the excess amount of essential
metals like Fe, Mn, or Ni (based on the locations of the
plants, the parts of the plants, and the other heavy metals
such as Zn, and Cu) is to appear for the first time in
the literature.

The ANNs mimicking a human brain offers higher reli-
ability concerning learning from data day by day. When per-
forming this, the ANNs are learning from a given real
dataset called the training set, and thus, they reveal the hid-
den relationships between the input and output data. The

most prominent objective of this research is the use of loca-
tions and plant parts in an artificial intelligence-based pre-
diction model to estimate the heavy metal levels such as Fe,
Mn, Ni depending upon Zn and Cu levels. The performance
of the created ANNs is measured by using a different real
dataset called the holdout data. The holdout data has been
utilized only for comparison purposes during the investiga-
tion. In this respect, the ANNs have been employed to fore-
cast Fe, Mn, and Ni levels of different plant parts based on
the location of the plants and the pre-measured Zn and Cu
levels in the current study. Since the actual values of Fe,
Mn, or Ni will not be required, once the MLP has been
trained, the needs for time and labor-power are going to
decrease considerably in case of the implementation of the
mentioned biochemical procedures once more. Due to the
required preliminary preparations for spectroscopy methods,
an unneglectable decrease is expected in the need for chemi-
cals, although it is not at the same level with time and
labor-power. An additional reduction in the required tech-
nical maintenance of the devices used can also be foreseen.
Unmistakably, the importance of such predictions would be
appreciated better when the concepts of sustainable, smart,
and precision agriculture are taken into consideration.

Materials and methods

Data structure

Robinia pseudoacacia L. (black locust), is a medium-sized
deciduous tree in the Fabaceae family. It is of high economic
and ecological value but is also has a highly invasive nature.
Therefore, it is distributed worldwide, from Australia to
Asia, and Turkey (Martin 2019). It is generally planted for
esthetic purposes in urban areas such as parks, gardens and
roadsides in many countries of the world as well as in
Istanbul and Kocaeli. It has also been planting in industrial
areas that are responsible from heavy metal spread to the
environment, as it is a good biomonitor (Tzvetkova and
Petkova 2015).

In this study; soil and plant samples are gathered from
four different stations in Istanbul and one station in Kocaeli
province. All of these five stations are categorized by pollu-
tion intensity. The first group of samples are collected from
the Prince Islands where there is no pollution due to the
traffic or industry. The 2nd, 3rd and 4th stations in various
regions of Istanbul are determined according to the traffic
density. Dilovasi, a heavy industrial zone and one of the dis-
tricts of Kocaeli province, is determined as the 5th station.

Washed leaf, unwashed leaf, stem, and bark samples of
plant, along with soil samples were taken from related loca-
tions. The mineralization of plant and soil samples was per-
formed according to EPA 3051A Analytical Method for
ICP-OES using Berghof-MWS2 microwave. Elemental con-
centrations in plant and soil samples were determined using
calibration standards prepared by diluting 1,000mg L�1 ICP
multi-element standard solution (Merck) (Ozyigit et al.
2022). The calibration curves with high accuracy
(R2> 0.999) were created using the data obtained from the
analysis of the calibration standards prepared at 8 different
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concentrations for each element. The Fe, Mn, and Ni con-
centrations were figured out utilizing inductively coupled
plasma optical emission spectroscopy, PerkinElmer-Optima
7000DV. Eight hundred data from Istanbul and Kocaeli
provinces of Turkey were included in this study. In the col-
lected data of 800 samples; the location, plant part (includ-
ing soil), Zn, and Cu values (mg kg�1) are accepted as
inputs, while Fe, Mn, and Ni heavy metal values (mg kg�1)
are considered as output.

Artificial neural network

Throughout the study, the Multilayer Perceptron (MLP)
Module of IBM SPSS Statistics 26 is exploited to build the
required network model and verify its accuracy. The con-
structed ANN is trained via a back-propagation learning
algorithm, and the gradient descent method is employed for
minimization of the root mean square error (RMSE) by
updating the weights.

The collected data of 800 samples are randomly distrib-
uted into training (70%), testing (20%), and holdout (10%)
subsets as in Table 1. These datasets are utilized to optimize
the weights and construct the model, to compute the relative
errors and RMSE besides to prevent the overfitting, to valid-
ate the model, respectively. All the covariates, location, plant
parts, Zn, and Cu levels, are standardized before the training
via adjusted normalization. The MLP setup could be sum-
marized as follows:

The number of hidden layer is chosen as 1, and the num-
ber of units therein is chosen to be 3 as in Figure 1 and
Table 2. The hyperbolic tangent function is employed as an
activation function both for the hidden and output layers.
The stopping rules are imposed as 10 consecutive steps with
no decrease in the error, 15minutes for maximum training

time, 100 maximum number of epochs, 0.0001 minimum
relative change in training error, and lastly 0.001 minimum
relative change in training error ratio (Table 3).

The gradient descent algorithm can achieve the optimum
solution with two different implementations: batch or
online. The online algorithm updates the synaptic weights
after each single training data record; in other words, it uti-
lizes information from one record at one time. Online train-
ing continuously updates the weights until one of the
stopping rules is met. Whenever all the records are utilized
once and none of the stopping criteria is fulfilled, then the
process is reiterated over the data records. Online training
has superiorities over batch mode for relatively larger data-
sets with associated predictors; that is if there are a large
number of records and too many inputs, and their values
are not independent of each other, then online training
could attain a plausible answer than batch training within a
remarkably less amount of time. Since the number of col-
lected samples is 800, the batch mode is utilized to obtain
the results of this paper.

Results and discussion

This study aims to examine the Fe, Mn, or Ni levels based
on the plant parts, plant location, Zn level, and Cu level. In
the literature, the possible effects of heavy metals such as
Cd, Co, Cr, Cu, Fe, Mn, Ni, Pb, Zn on environmental pollu-
tion have been on the agenda of researchers. According to
the results obtained by the ICP-OES analysis, heavy metals

Table 1. Case processing summary.

Fe Mn Ni

N Percent N Percent (%) N Percent (%)

Sample
Training 548 68.5% 561 70.1 540 67.5
Testing 174 21.8% 156 19.5 172 21.5
Holdout 78 9.8% 83 10.4 88 11.0

Valid 800 100.0% 800 100.0 800 100.0
Excluded 0 0 0
Total 800 800 800

Figure 1. The standard architecture of the network diagram.

Table 2. Network information.

Input layer Covariates 1 Plant parts
2 Location
3 Zn
4 Cu

Number of unitsa 4
Rescaling method for covariates Standardized

Hidden layer(s) Number of hidden layers 1
Number of units in hidden layera 3
Activation function Hyperbolic tangent

Output layer Dependent variables 1 Fe, Mn, or Ni
Number of units 1
Rescaling method for scale
dependents

Adjusted normalized

Activation function Hyperbolic tangent
Error function Sum of squares

aExcluding the bias unit.
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such as Cd, Co, Cr, Mn, Ni and Pb were found in vital con-
centrations in the leaf and bark samples of Turkish red pine
(Yalcin et al. 2020). Again, it was recorded by Alani et al.
(2020) that severe heavy metal pollution (Cd, Pb, Zn and
Cr) was encountered in edible vegetables collected from
agricultural areas. Observation of excessive heavy metals,
especially Cr, in the soil due to the wastewater near the tan-
neries does not go unnoticed (Sinduja et al. 2022).
Previously, Golui et al. (2021) discussed the same issue in
terms of the fractionation of Zn, Cu, Ni, Pb and Cd com-
pounds in various samples from polluted river water, indus-
trial wastes, municipal solid wastes and sewage sludges. It
has been remarked that especially leafy vegetables and fruits
exceed the maximum acceptable heavy metal levels recom-
mended by the FAO/WHO (Moyo et al. 2020). According
to their results, it is seen that especially Cd and Ni levels
pose a possible threat to human health. As a result of those
previous studies, it can be concluded that excessive amounts
of heavy metals pose a priori risk for both the environment
and human health. In this context, this paper develops an
extremely fast and cost-effective MLP-based prediction
model for monitoring the concentration of essential heavy
metals in soil and various parts of plants. The most out-
standing aspect of the study is the determination of heavy
metals included in various parts of a plant such as the
washed leaf, unwashed leaf, branch, body, and soil particu-
larly depending on the location of the plant. Especially, the
data collection strategy deserves a seperate interest. The
locations including the control group are categorized with
respect to their pollution level, and the level of pollution is
enumerated from 1 to 5 for each location. Then, the col-
lected samples are analyzed to reach the necessary data by
using the previously mentioned conventional methods. The
received data is divided into three groups (for training, test-
ing, and holdout) and is structured to train the previously
constructed ANNs in Figure 1. Throughout this study, the
holdout data have been used for comparison purposes only.
Hence, the comparisons have been performed with the
actual data which are obtained from the conventional bio-
chemical analysis, namely laboratory-based elemental analy-
ses. Thereby, due to the inherence of the proposed method,
the results produced have been compared with the real data.

The qualitative results in Figures 2 and 3 reveal that the
ANNs could predict the actual values of Fe, Mn, or Ni
almost perfectly. The predicted values versus actual values,
depicted in Figure 2, show that there is an accumulation
near the perfect match line for each of the three heavy met-
als. Moreover, the computed residuals are seen to be in
good agreement with this inference. Strikingly, the quantita-
tive results indicate that the accuracy of the current method
is between 94.9 and 98.3% when the relative errors in Table
3 are considered. The level of accuracy for the present
method is seen to be in an encouraging and highly accept-
able interval. The following implications could be drawn
from the results in Tables 3–5.

Regarding the prediction of Fe level, the relative errors
are 4.4, 5.1, and 4.1% respectively for training, testing and
holdout data. The RMSE is obtained as 0.080 and 0.086,
consecutively, for the training and testing data. The algo-
rithm is seen to stop due to 10 consecutive steps with no
decrease in the error. In addition, the sum of squares error
is calculated as 3.518 that is a reasonable value when it is
compared with the actual Fe values (between 62.282 and
3865.672). Independent variable importance analysis reveals
that the location of the plant is as important as the levels of
Zn or Cu (Table 4). On the other hand, plant parts, in
which some of the samples are gathered, has relatively less
importance concerning the Fe-level prediction.

Secondly, the relative errors in the prediction of Mn level
are seen to be 1.7, 2.2, and 2.5% for training, testing, and
holdout data, correspondingly. Although the algorithm
stopped when the maximum number of epochs (100)
exceeded, remarkably, the sum of squares error is found to
be 1.014 for the training sample. Besides, the RMSE is
obtained as 0.043 and 0.044, respectively, for the training
and testing data. The parameter estimation has uncovered a
strong relation between Mn level and Zn level, that is to say,
the level of Zn is as important as the sum of the importan-
ces of plant parts, location, and Cu level in the prediction of
Mn level.

Lastly, the relative errors are computed as 2.8, 2.9, and
2.6% subsequently for the training, testing, and holdout data
during the prediction of Ni levels. The stopping criterion
satisfied to halt the algorithm is 10 consecutive steps with
no decrease in the error. Notably, the sum of squares error

Table 3. Model summary.

Fe Mn Ni

Training
Sum of squares error 3.518 1.014 1.304
RMSE 0.080 0.043 0.049
Relative error 0.044 0.017 0.028
Stopping rule used 10 Consecutive step(s) with no

decrease in error
Maximum number of epochs

(100) exceeded
10 Consecutive step(s) with no

decrease in error
Training time 0:00:00.05 0:00:00.06 0:00:00.06

Testing
Sum of squares error 1.283 0.300 0.352
RMSE 0.086 0.044 0.045
Relative error 0.051 0.022 0.029

Holdout
Relative error 0.041 0.025 0.026

Dependent Variable: Fe, Mn, or Ni.
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Figure 3. Residual values in the prediction of Fe (a), Mn (b), Ni (c) amounts in mg kg�1.

Figure 2. Predicted vs actual Fe (a), Mn (b), Ni (c) amounts in mg kg�1.
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is computed to be 1.304 to forecast the Ni level. In addition,
the RMSE is obtained as 0.049 and 0.045, respectively, for
the training and testing data. The investigation has displayed
a powerful relationship between Ni level and Zn level.

Apart from the emphasized results above, if the plant
parts and location are considered as factor variables instead
of independent variables during the analysis then the relative
errors, in Table 6, could be diminished to values between
0.07 and 2.90%.

As far as the method of the paper is concerned, an
increasing interest has been observed in the literature on
multi-layer perceptron (MLP) so far. The MLP was success-
fully used in research to predict heavy metal levels in soil
based on various parameters, especially altitude (Sari et al.
2021). This architecture was also utilized to identify the type
and level of pollution (Denisov 2017). In addition to all
these, the construction of an MLP-based model regarding
the spatial distribution of heavy metals such as Cr and Mn

in the topsoil is not far from attention (Baglaeva et al.
2021). In their studies, by partitioning the raw data, it was
tried to discover the training dataset that minimizes the
RMSE, which is the most appropriate training dataset. In
addition to the multiple linear regression (MLR) model, we
again come across the MLP model in predicting the sulfur
dioxide concentration in the air separately (Shams et al.
2021). Again, the results were compared with the real data
and the MLP model seems to be more accurate than the
regression model, as the R2 and RMSE values are quite rea-
sonable and convincing. Previously, a different ANN archi-
tecture, radial basis functions (RBF), together with the MLP
was utilized to monitor green macroalgae population in
coastal areas by tracking the heavy metal concentrations
such as Cd, Cu, Ni, Zn, Mn, Pb, Na, Ca, K, and Mg
(Zbikowski 2011). The same models, the MLP and RBF,
were also effectively used by Falamaki (2013) to predict the
soil distribution coefficient of nickel. In the corresponding

Table 4. Independent variable importance.

Fe Mn Ni

Importance Normalized importance (%) Importance Normalized importance (%) Importance Normalized importance (%)

Plant parts 0.042 11.5 0.049 10.1 0.143 13.2
Location 0.271 73.7 0.171 34.9 0.098 19.2
Zn 0.320 87.0 0.491 100.0 0.742 100.0
Cu 0.367 100.0 0.288 58.7 0.017 2.3

Table 5. Parameter estimates for Fe, Mn, and Ni.

Predicted

Hidden layer Output layer

Predictor
Input layer

(Bias) �0.783 �0.172 0.125
Location 0.740 �0.026 1.382
Plant parts �0.178 �0.047 0.244
Zn 0.612 �0.216 1.595
Cu 0.192 0.189 0.463

Hidden layer
(Bias) �1.361
H(1:1) 1.854
H(1:2) 2.083
H(1:3) 1.178

Predictor
Input layer

(Bias) �0.279 0.080 0.298
Location 0.362 0.015 �0.506
Plant parts 0.348 0.038 0.099
Zn 0.105 �0.192 �0.876
Cu �0.396 0.566 0.133

Hidden layer
(Bias) �0.620
H(1:1) �0.260
H(1:2) 0.764
H(1:3) �1.110

Predictor
Input layer

(Bias) �0.279 0.080 0.298
Location 0.362 0.015 �0.506
Plant parts 0.348 0.038 0.099
Zn 0.105 �0.192 �0.876
Cu �0.396 0.566 0.133

Hidden layer
(Bias) �0.620
H(1:1) �0.260
H(1:2) 0.764
H(1:3) �1.110
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work, the advantages of the ANN were observed once again
and also stated that using 80% or 90% of the data, for train-
ing purposes, produces a more effective neural network
model than the use of 100% of the collected data. To sum
up, this and similar prediction models have been applied in
different regions, in various fields of science and even for
different elements, and it has been seen that they continue
to produce alternatives or guide scientists. In this manner,
the successful and effective application of artificial intelli-
gence methods to a wide range of science has led us to an
attempt to predict the essential heavy metals Fe, Mn,
and Ni.

One of the unmissable points to note when closing this
section is that the required amount of time to predict the
necessary values of dependent variables throughout the com-
putation is approximately 0.06 seconds as could be figured
out from Tables 3 and 6. This is one of the most distin-
guished aspects of modeling with the aid of the ANNs.
Thereby, the ANNs enable us also to reduce both the
required amount of labor and the CPU time drastically as
compared to the conventional and chemical methods.

Conclusions and recommendations

In this study, efficient artificial neural network models
with an innovative perspective and an ecological import-
ance have been produced to forecast the heavy metals lev-
els, Fe, Mn, and Ni, in plants and soil utilizing estimate
parameters such as location, plant parts, and concentra-
tions of Zn and Cu. It is believed that the produced net-
work models (MLPs) can facilitate to discover the essential
heavy metal concentrations in plants and soils, evaluating
economic and environmental impacts in various local cir-
cumstances, and supporting decision-making regarding the
improvement of required environmental policies. In that
respect, the metal levels have been scrutinized depending
on plant and soil information gathered from different pol-
lution levels. It has been concluded that the ANN method,
unlike traditional approaches, can forecast the heavy metal
levels in plants and soils through plant parts and various

soil parameters in a very short time with a high rate of
accuracy. It has been realized that this paper produces
remarkably informative and illuminating results about the
ecosystem of interest, with a unique, innovative and effect-
ive approach to the use of artificial intelligence techniques.
Additionally, these techniques have been applied to obtain
numerical data for more elements with the least possible
number of laboratory analyses. When abiotic and biotic
factors affect the elements to be analyzed, the concentra-
tions of the elements to be predicted will be updated dir-
ectly in line with these effects. The simulation results show
that the ANN algorithm has significant advantages over
traditional methods. It has been deduced that these find-
ings are quite useful to scientists who deal with all aspects
of environmental sciences or who prepare an appropriate
research plan on this subject. Undoubtedly, in daily life,
the optimal appraisal of heavy metal status regarding the
understanding the behavior of significant realistic problems
including a wide range of disciplines, is vitally important
for living organisms, for agricultural economies and, even
for the decision-making authorities. Even though this study
has been accomplished to estimate the heavy metal levels
in plants and soil at different pollution levels, it is consid-
ered that the applicability of the same study for any eco-
system in a very comfortable way increases the significance
of this study further. In further reserach, such studies
could be re-implemented, as like for the element status
determined in plant and soil in this paper, only for plant
or only for soil element status or for the wastewater elem-
ent contents.
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Table 6. Model summary for the case that plant part and location are factor variables.

Training Sum of squares error 3.318
Average overall relative error 0.018
Relative error for scale dependents

Fe 0.012
Mn 0.016
Ni 0.029

Stopping rule used 10 Consecutive step(s) with no decrease in errora

Training time 0:00:00.06
Testing Sum of squares error 1.005

Average overall relative error 0.017
Relative error for scale dependents

Fe 0.011
Mn 0.014
Ni 0.029

Holdout Average overall relative error 0.014
Relative error for scale dependents

Fe 0.007
Mn 0.014
Ni 0.022

aError computations are based on the testing sample.
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