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Abstract

Nowadays 90% of the required water of Iran is secured with groundwater resources and forecasting of
pollutants content in these resources is vital. Therefore, this research aimed to develop and employ the
feedforward artificial neural network (ANN) to forecast the arsenic (As), lead (Pb), and zinc (Zn) concentration in
groundwater resources of Asadabad plain. In this research, the ANN models were developed using MATLAB
R2014 software program. The artificial intelligence models were trained with the data collected from field and
then utilized as prediction tool. Levenberg-Marquardt (LM) and Bayesian regularization (BR) algorithms were
employed as ANN training algorithms and their performance was evaluated using determination coefficient and
the root mean square error. The results showed that the ANN models could potentially forecast heavy metals
concentration in groundwater resources of the studied area. Coefficients of determination for ANN models for
As, Pb and Zn in testing phase were 0.9288, 0.9823 and 0.8876, respectively. Finally, based on the simulation
results, it was demonstrated that ANN could be applied effectively in forecasting the heavy metals
concentration in groundwater resources of Asadabad plain.
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Introduction
Urbanization, industrialization, agriculture
and exploitation of natural resources are
basic activities associated with living in
contemporary societies that have imposed
pollutant loads especially toxic metals into
natural cycles such as soil, water and air
cycles.12 Nowadays, throughout the world,
heavy metals have been taken into
consideration due to their ability to
accumulate in the biota, toxicity and adverse
health effects even at low concentrations.?5 In
this regard, heavy metals pollution of the
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groundwater is one of the serious
environmental problems. Some of the heavy
metals considered as micronutrients can
cause adverse health effects when their
content exceed the permissible limit in
drinking water.6¢ Thus, assessment of
groundwater resources pollutants especially
heavy metals are very important with respect
to human health.

Arsenic (As) is a widely distributed
metalloid, occurring in soil, rock, water and
air. The production of energy from fossil fuel
and smelting of non-ferrous metals are the
two significant industrial processes that lead
to As contamination of environment,
especially polluting the atmosphere. Other
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sources of contamination are the use of
arsenical pesticides, manufacture and wood
preservatives.?

Zinc (Zn) on the other hand, is an essential
functional and structural element in
biological systems often catalyzing reactions
by binding to substrates by favoring various
reactions, such as the mediation of redox
reactions or oxidation-reduction reactions,
through reversible changes in the oxidation
state of the metal ions. Of course, Zn harms
several  physiological = processes  like
breathing.1011

Some of the toxic metals, such as lead (Pb),
may damage the kidney and cause symptoms
of chronic toxicity, including poor
reproductive  capacity, impaired organ
function, tumors, hypertension, and hepatic
dysfunction.’? Moreover, Pb can also affect
brain function by interfering with synapse
formation and neurotransmitter release.
Exposure to Pb has been associated with
reduced intelligence quotient (IQ), learning
disabilities, hyperactivity, slow growth,
impaired hearing and antisocial behaviors.13
The most common routes of human Pb
exposure are inadvertent ingestion of Pb
paint, inhalation of traffic exhaust fumes and
consumption of Pb-contaminated foods.1415

In the last decade, artificial neural
networks (ANNSs), as massively parallel
distributed processing systems that have
similar performance to biological neural
networks of human brain, has been widely
used as a powerful prediction and
management tool in solving environmental
problems such as water resources modeling
and management problems.1¢17 ANNs have
proven to be an efficient approach for
modeling  qualitative = water  resource
variables. Daliakopoulos et al.’¥ employed
ANNs in groundwater level forecasting.
They wused back-propagation (BP) and
Levenberg-Marquardt (LM) algorithms for
training of ANN models. Antar et al.??
utilized ANN models with back-propagation
(BP) algorithm in daily runoff estimation.

The ANNs is a wuseful computational
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method for predicting and modeling complex
relationships among parameters, especially
when there is no clear relation between
them.20 In this study, the structure of the
ANN s consisted of three layers, i.e. the input,
hidden and output layers. The developed
computational intelligence model was
applied for prediction of As, Pb and Zn
concentration in groundwater resources of
Asadabad plain, western Iran.

Since Iran is located within the dry and
semi dry regions, about 90% of the required
water is secured with  groundwater
resources.l Therefore forecasting pollutants
content in these resources is vital. This
research aimed to predict the heavy metals
concentration (As, Pb and Zn) in groundwater
resources of Asadabad plain using ANNSs.

Materials and Methods

Asadabad plain with aquifer area about 962
km?2 and 1650 m above the sea level is located
in southwest of Hamadan township in the
west part of Iran. Agricultural practices are
done in a large scale in this area making
discharge of chemical pollutants to the
groundwater resources very likely. Since the
most required water of study area is secured
with groundwater resources,? the
implementation of this study seems necessary.

Groundwater samples were collected from
30 different locations including open and
tube wells in 3 replicates to evaluate the
heavy metal contamination in 2012. Figure 1
shows the sampling stations in the study
area. The sampling locations were selected
based on different land use patterns,
including agricultural and residential areas.
The samples were taken in pre-cleaned, acid-
soaked 200 ml polyethylene bottles to avoid
unpredictable changes in characteristic as per
standard procedures.2* The collected
samples were filtered (Whatman no. 42),
preserved with 6N of HNO; (Suprapur
Merck, Germany) and kept at 4 °C for further
analysis.z% Concentrations of heavy metals
[As, Zn, Pb, cadmium (Cd) and copper (Cu)]
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Figure 1. Map of sampling stations
in samples were determined using used ANN is the feedforward neural
inductively coupled plasma-optical emission networks. These networks have been
spectrometry (ICP-OES) (Varian, 710-ES, successfully applied in different studies in

Australia). Table 1 gives statistical properties
of data used in this study.

Artificial neural networks can indicate
nonlinear and complex relationships using a
part of input-output training patterns from
the data. In fact ANNs provide a non-linear
mapping between inputs and outputs by its
intrinsic ability.22 ANNs characterization is
based on architecture that demonstrates the
connection pattern between nodes,
connection weights determination method
and the activation function.?28 Due to the
ability of ANNSs in the learning of system’s
behavior from representative data, it would
be possible for them to solve large-scale
complex problems.162® The most commonly

Table 1. Statistical properties of dataset

Heavy metal Min. | Max.
As 21.27 100.24
Pb 2.50 51.52
Zn 0.97 267.35

environmental problems.2030-34  Architecture
of these networks have input layer, hidden
layer and output layer. A typical multi
layered feedforward neural network is
included of multiple elements called nodes
and connection pathways that link them.16

In the developed ANN models, number of
hidden layers, number of neurons and choice
of training and stopped training algorithms
were carefully chosen for evading the
overtraining problem. In this study the
optimal number of layers and neurons in the
hidden layer were identified using trial and
error procedure. Training process is employed
for generating an output vector from ANNs
which is as close as possible to target vector.16

Mean " Standard deviation
55.2 16.5
135 7.4
27.3 33.7

As: Arsenic; Pb: Lead; Zn: Zink
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Training of a network is based on the
optimization process for weights in the nodes
links and bias terms;¢ this process continues
until the values of the output layer are as
close as possible to the actual outputs. As far
as there are different types of training
algorithms, the selection of an algorithm that
provides the best fit to the data is required.
Therefore, in this study the Levenberg-
Marquardt (LM) training algorithm 3536 was
used. The sigmoid and linear activation
functions were utilized for the hidden and
output node, respectively. Figure 2 shows the
schematic feed-forward network for this
study, having one hidden layer (HL) with
several nodes between the input and output
layers. The code of ANN modelling was
written using MATLAB software.

Hidden Layer

Input Layer Output Layer

Input 1

Input 2

Heavy Metal
Concentration

Input 3

Inputn

Figure 2. A schematic architecture of the
artificial neural network (ANN) model used in
this study

An ANN model is developed in this
study to predict groundwater heavy metals
concentration in Asadabad plain for a period
using the observed time series of different
heavy metals concentration. Different
numbers of hidden layer neurons were tried
for ANN models in the study. Simple trial
and error showed that the number of hidden
layer neurons that gave the minimum root
mean square error (RMSE) was 5 for
different input combinations. The neural
network is first trained to perform
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predictions of the groundwater heavy
metals concentration wusing previously
observed data. In this study for training and
testing of ANN models, collected field data
have been used. The input layers were
groundwater heavy metals concentration in
the past and the output layer was current
groundwater heavy metals concentration. In
the ANN modeling, the selection of input
parameters is a very essential step. Different
statistical methods were suggested for
appropriate input vectors for a model.3738
Different previous lags were considered as
input candidates to the model in this study.
The inputs denotes the  previous
groundwater heavy metals concentration in
the Asadabad plain (t, t-1, t-2), and the
output layer corresponds to  the
groundwater heavy metals concentration at
time t+1. In the current study, a partial
autocorrelation function (PACF) was used to
find the best input combinations.

The efficiencies of the models developed
in this study were surveyed using two
standard statistical performance evaluation
criteria. The statistical criteria considered
were RMSE, and determination coefficient
(R?).

1. The correlation between predicted and
actual values (R?) that computed according to
equation 1:

2 [BR,(0-0)x(P;-P)]’

R™= ¥R, (0;—0)XTL, (Pi—P))

(1)

where the predicted and observed values
are P; and O; respectively, and the total
number of test data is given by n.

2. RMSE was obtained through the
equation 2:

RMSE = /—Ziﬂ(‘:‘oi)z

(2)

The smaller the value of this statistic, the
better the function of the model.
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Table 2. Comparative performance of artificial Neural Network (ANN) for
different heavy metal concentration

Trainin

Metal Concentration

RMSE R?
As 3.3173 0.9585 4.0303 0.9288
Pb 0.1698 0.9995 0.7638 0.9823
Zn 5.0885 0.9805 7.2230 0.8876

RMSE: Root mean square error; As: Arsenic; Pb: Lead; Zn: Zink

Results and Discussion

The performance of ANN models with
Levenberg-Marquardt  algorithm  were
compared in predicting three heavy metals
concentration in groundwater resources of
Asadabad plain. The output of the model was
a prediction of groundwater heavy metal
concentration one day in advance (t + 1). The
best architecture for the network was selected
by trial and error. The results of this study
have shown that ANN was effective for
predicting groundwater heavy metals
concentration. The performance of this model
in terms of determination coefficient and root
mean square error statics during the training
and testing period is shown in table 2. It is
apparent from this table that the model
performance was good, and the models have

the first step, field data were analyzed and
various input combinations were tried and
the best input combination for each heavy
metal concentration was selected afterwards.
In the second step the data was divided for
training and testing phases and finally, the
groundwater heavy metals concentration was
computed by the optimal ANN model. R?
and RMSE statics of the optimal model for
As, Pb and Zn are given in table 2 for the
training and testing periods. Generally,
lowest value of root mean square error and
highest value of coefficient of determination
is desirable for choosing best model. Training
data proportion is a very important factor for
efficiency of an ANN model; low proportion
of the training data can lead to insufficient
neural network training, therefore presenting
a sufficient portion of data can improve the

forecasted  metals concentration  with accuracy of the model in the training and
reasonable accuracy. testing periods.
This paper aimed to predict the The predicted metal concentration plots

groundwater heavy metals concentration in
the Asadabad plain using ANN models. In

100

o

40

As Concentration (pg I-1)

20

1 4 7 10 13 16

Measured Data

TAYY ff\/\\v/\/

19

during training and testing period are shown
in figures 3 to 5.

22 25 28 31 34 37 40

Figure 3. Comparison of the actual groundwater heavy metal concentration
values and those predicted for As in testing phase
ANN: Artificial neural network
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Figure 4. Comparison of the actual groundwater heavy metal concentration
values and those predicted for Pb in testing phase

ANN: Artificial neural network

In general, the results indicated the
potential of ANN technique in predicting
metals concentration at Asadabad plain. Also
extent of the match between the field data and
predicted heavy metals concentration of ANN
models are shown in figures 6 to 8 for As, Pb
and Zn, respectively. As displayed in figures 6
to 8, during the training phase, the intelligent
model estimated metals concentration better
than the testing phase and in all the cases, R2

100
90
80
70

Zn Concentration (ug I-1)
& © o

o

1 4 7 10 13 16

Measured Data

19

was higher than 0.85 which indicated that the
metals concentration values estimated by the
ANN forecasting models were closely
matched with the analyzed values. On the
other hand, the developed ANN models had
acceptable accuracy and precision in
predicting of heavy metal concentration in
Asadabad plain groundwater resources.
RMSE and R? values in training and testing
periods are reported in table 2.

ANN

\/\N M /\ MM

22 25 28 31 34 37 40

Figure 5. Comparison of the actual groundwater heavy metal concentration
values and those predicted for Zn in testing phase

ANN: Artificial neural network
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ANN prediction of As Concentration - ANN prediction of As Concentration -
training phase testing phase

100 100
y =0.957x + 2.4445 y =0.9128x + 3.8992
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Figure 6. Scattered plot of predicted with actual values for As in training (left) and testing (right) phases
ANN: Artificial neural network

The obtained results of the proposed ANN good accuracy, in this case: R2 = 0.9805 and
model for the prediction of As concentration RMSE = 5.0885 pg 11 in training period and
are: R2= 09585 and RMSE = 3.3173 pg 11 in R2=0.8876 and RMSE = 7.2230 pg I in testing
training period and R2 = 0.9288 and period. The results of this study indicated that
RMSE = 4.0303 pg 11 in testing period. It is environmental managers can improve their
clear from the obtained results that the designs and evaluations via ANN for
developed ANN models for As concentration forecasting heavy metals concentration in
yielded acceptable performance. Also, the Asadabad plain. Compared to the results of
results of model for the prediction of Pb this study, Keskin et al. developed ANN
concentration are: R2 = 09995 and model by 5 neurons in hidden layer for
RMSE = 0.1698 pg 17 in training period and predicting water pollution sources in different
R2=0.9823 and RMSE = 0.7638 ng I in testing areas in Turkey and reported that that ANN
period. Results of the model for Zn can be used as powerful analytical tool in
concentration revealed that the model yielded water quality modeling.?

ANN prediction of Pb Concentration- ANN prediction of Pb Concentration -
60 training phase 30 testing phase
y =0.9995x + 0.0071 y =0.9968x + 0.1214 |2
50 R2=0.9995 of 25 R?=0.9823
039,
20 20 >
2 30 215
20 10
10 5
0 0
0 10 20 30 40 50 60 0 5 10 15 20 25 30

Measured Data

Measured Data

Figure 7. Scattered plot of predicted with actual values for Pb in training (left) and testing (right) phases
ANN: Artificial neural network
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ANN prediction of Zn Concentration-

training phase
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y = 0.966x + 1.0738
250 R?=0.9805 QO

200

0 50 100 150 200 250 300
Measured Data

Alizamir and Sobhanardakani

ANN

ANN prediction of Zn Concentration -
testing phase

100

y = 1.0163x + 0.994

R?=0.8876

%0 ey S
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40
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Figure 8. Scattered plot of predicted with actual values for Zn in training (left) and testing (right) phases

ANN: Artificial neural network

Also, Nor et al. used a three-layer multi-
layer perceptron (MLP) by 25 hidden neurons
to classify different combinations and groups of
water contamination by nitrate and sulfate and
reported that ANN can yield reliable
results.#

Conclusion

The importance of water quality on human
health is well known and in recent years have
attracted a great deal of interest. The use of
groundwater for the water supply needs of
many urban and rural communities
especially in arid and semi-arid climate have
increased in the last decade and, in Iran,
groundwater continues to play an important
role in the socio-economic development of
the country. With regard to the importance of
prediction of groundwater qualitative
situation in the Asadabad plain, ANN model
has been utilized to predict groundwater As,
Pb and Zn concentration. The best input
combinations were selected by correlation
analysis from previous values of heavy
metals concentration for the ANN models to
estimate  groundwater  heavy  metals
concentration in the Asadabad plain. The
different algorithms used for training the
models were Levenberg-Marquardt

J Adv Environ Health Res, Vol. 4, No. 2, Spring 2016 75

algorithm and Bayesian regularization. The
performance of these algorithms was
evaluated and it was found that Levenberg-
Marquardt was a good choice for forecasting
heavy metals concentration in the selected
monitoring wells. The results indicated that
the Levenberg-Marquardt algorithm took less
time for training of the network compared to
Bayesian regularization algorithm. Also,
Levenberg-Marquardt algorithm gave the
best metals concentration forecasts compared
to Bayesian regularization algorithm. The
performance evaluation criteria (RMSE) and
determination coefficient were very good and
consistent in the all metals concentration
predictions.

The optimum ANN model proposed in
the current research showed very promising
results for improving environmental
management planning in Asadabad plain
and it can be effectively used in the future
studies in this region.
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