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Abstract

Nowadays, about 50% the world’s population is living in dry and semi dry regions and has utilized groundwater as a source of
drinking water. Therefore, forecasting of pollutant content in these regions is vital. This study was conducted to compare the per-
formance of artificial neural networks (ANNs) for prediction of As, Zn, and Pb content in groundwater resources of Toyserkan Plain.
In this study, two types of artificial neural networks (ANNs), namely multi-layer perceptron (MLP) and Radial Basis Function (RBF)
approaches, were examined using the observations of As, Zn, and Pb concentrations in groundwater resources of Toyserkan plain,
Western Iran. Two statistical indicators, the coefficient of determination (R*) and root mean squared error (RMSE) were employed
to evaluate the performances of various models. The results indicated that the best performance could be obtained by MLP, in terms
of different statistical indicators during training and validation periods.
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1. Introduction

Nowadays, heavy metals are present in the environ-
ment as a consequence of natural and anthropogenic ac-
tivities, such as atmospheric emissions, weathering, vol-
canic eruptions, urbanization, industry, mining, agricul-
tural activities, domestic activities, fuel combustion, and
exhaust gases from automobiles. Heavy metals could cause
serious adverse health effects in humans; therefore, they
are known as the most dangerous pollutant (1-3). Bioac-
cumulation, non-biodegradable and long biological half-
lives are the most important characteristics of heavy met-
als. Therefore, heavy metals become toxic and dangerous
when they are not metabolized by the body and accumu-
late in body tissues of living organisms (4, 5).

Water is very important for mankind existence and eco-
nomical development. Nowadays, about 50% the world’s
populations are utilizing groundwater as a source of drink-
ing water and other requirements. Therefore, the contam-
ination of these resources by toxic heavy metals leads to se-
rious problems (3). Ithas been proven that consumption of
food, especially drinking contaminated water is one of the
major sources of exposure of humans to toxic heavy met-

als (6). In this regard, discharge of heavy metals in the en-
vironment could contribute to increasing global concern
and therefore monitoring and forecasting of their con-
tents in the environment and especially in groundwater
resources are important for food safety and public health
protection.

Arsenic is a naturally occurring element, the major
source of which is weathering of sedimentary and igneous
rocks. Also, anthropogenic activities, including smelting
of non-ferrous metals, production of energy from fossil
fuel, mining activities, and applications of agricultural
inputs, especially arsenical pesticides or herbicides, are
other major sources of this element. Arsenic in groundwa-
ter resources was identified as a widespread intense prob-
lem all over the world (7-11). Arsenic could cause various
types of adverse health effects, including black foot dis-
ease, cancers of the kidney, liver, prostate, bladder, lung,
colon, skin, and the other serious diseases (12-15).

Zinc is an essential structural and functional element
for several cellular processes, which often catalyze reac-
tions, binding to substrates by favoring various reactions
through the mediation of redox reactions, via reversible
changes in the metal ions oxidation state. An excessive in-
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take of Zn may play a major role in cancer etiology, and
harms physiological activities, such as breathing (16-20).

Lead is well-known for its toxic properties and has se-
rious adverse effects on human health, especially devel-
opment of abnormalities in children. It has been proved
about 85% of daily doses of this element is absorbed into
the human body through food consumption. Therefore,
food is the main source of non-occupationally human ex-
posure to Pb (21-24).

The artificial neural networks (ANNs) has been success-
fully applied in environmental sciences during the recent
years. In the environmental forecasting context, recent ex-
periments have reported that ANNs may offer a promising
alternative for estimating heavy metals’ concentration (25-
30). Keskin et al. (2015) (31) employed different artificial
neural networks for prediction of water pollution sources
in Sivas, Karabuk, and Bartin areas of Turkey. Mandal et al.
(2015)(32) successfully used ANN approach for modeling of
As (III) removal process. Podder and Majumder (2015) (33)
utilized ANN for forecasting phycoremediation efficiency
of both As (Il) and As (V) ions. Alizamir and Sobhanar-
dakani(2016)(11) and Alizamir et al. (2017) (34) investigated
the accuracy of ANN techniques in modeling heavy met-
als concentration in groundwater resources of Asadabad
plain.

According to the knowledge of the authors of this
study, there is not any published work in the literature re-
lated to comparison of two different neural networks (MLP
and RBF), in forecasting of heavy metals concentration in
groundwater resources of Toyserkan plain.

Based on the geological structure of Toyserkan Town-
ship, the rocks and minerals of this region contain heavy
metals, such as As, Zn and Pb. Also rapid agricultural
growth in this area, could lead to discharge of toxic heavy
metals into groundwater resources through overutiliza-
tion of agricultural inputs, such as chemical and organic
fertilizers, especially phosphorus fertilizers, zinc sulfate,
and heavy metal based pesticides (3, 35). Therefore, this
study was conducted to assess the application of multi-
layer perceptron (MLP) models for predicting heavy met-
als (As, Zn, and Pb) concentration in the groundwater re-
sources of Toyserkan Plain, and to determine the accu-
racy of MLPs compared with radial basis function (RBF) ap-
proaches.

2. Methods

2.1. Study Area

Toyserkan Plain is located in Toyserkan Township of
Hamedan province, western part of Iran. The area of this

region is about 800 km2. Water requirement of most res-
idents of this township is supplied from groundwater re-
sources, including 1243 wells, 400 springs, and 220 aque-
ducts (3,35).

2.2. Sample Collection

In the current study, based on the Cochran’s sample
size formula, in total 60 groundwater samples were col-
lected from 20 different open and tube wells located in
agricultural and residential areas of plain during the pe-
riod from September to November. Figure 1 shows the sam-
pling stations in the study area.

Figure 1. Map of Sampling Stations

2.3. Sample Preparation and Analysis

The groundwater samples were taken in acid washed
200-mL polyethylene bottles to avoid unpredictable
changes in characteristic, as per standard procedures.
Samples were then filtered using Whatman 42 filter paper,
preserved with 6N of suprapur nitric acid 65% (Merck,
Germany) and kept at a temperature of 4°C for further
analysis (3, 36). Finally, contents of heavy metals (As, Zn,
and Pb) in groundwater samples were determined using
inductively coupled plasma-optical emission spectrome-
ter at wavelengths (nm) of 188.98 for As, 206.20 for Zn, and
220.35 for Pb (Varian, 710-ES, Australia).

2.4. Artificial Neural Networks

2.4.1. Multilayer Perceptron Neural Network

Artificial neural network as a nonlinear technique
could solve problems, which are not suitable for conven-
tional methods. One of the most commonly used neural
network structure is the multi-layer perceptrons (MLPs)
network with one or more hidden layers. The MLP em-
ployed in the current study had three layers, including an

Avicenna ] Environ Health Eng. 2017; 4(1):e11792.


http://ajehe.com/en/index.html

Alizamir M and Sobhanardakani S

input layer, a hidden layer, and an output layer. Detailed
information about MLP are available in the literature (37).
In the current study, the sigmoid function was used as the
hidden layer’s activation function as follows:

2

— N, 1
1+e 2 m

f ()

For optimizing the neural network problem, a train-
ing algorithm is needed. Since there are several types of
algorithms for training a network, it is essential to find
an algorithm, which provides the best outputs. Recently,
Levenberg-Marquardt training algorithm is utilized due to
better performance and speed of learning (11, 38). Figure
2 shows the three-layer MLP neural network for this study,
having one hidden layer with several nodes between the
input and output layers. The code of ANN modelling was
written using the MATLAB software.

2.4.2. Radial Basis Function Neural Network

The Radial Basis Function (RBF) is utilized in a wide
range of prediction problems (39, 40). The RBF architec-
ture possess input, hidden, and output layers. Each layer
has some neurons. The hidden layer uses RBF function (¢
(x,c)), which is dependent on the distance from the origin
to collect the input layer neurons. Therefore, variations
of the RBF function are based on radial distance, r = || x -
c||, where x denotes the input variable and c is the center
of function (41). Equation 1 shows the RBF neural network
output:

fa@=3"

2.5. Models Performance Evaluation

i (lle =il @)

The performance of artificial intelligence methods in
training and testing periods is evaluated via two com-
mon statistical indicators, such as determination coeffi-
cient (R?) and root mean square error (RMSE), which are
expressed as follows:

e L (0-0) (P P))° o
i (06 = 00) 31, (P = Pi)
n o 2
RMSE = iz (P = 0i) (4)

Where O; and P;,respectively account for the observed
and predicted values at time i, while the terms P7; and O7;
imply the mean of the observed and predicted values; and
n shows the number of data points.
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3. Results and Discussion

Descriptive statistics of elements content (ug L") in
groundwater resources of Toyserkan Plain in the spring
season are presented in Table 1. Data in Table 1 show
thatamong the analyzed groundwater samples, As was de-
tected in amounts ranging from 0.08 ug L to 7.48 ug L?
with an average level of 3.67 +2.23 of ug L'; Zn was detected
in amounts ranging from 0.12 ug L to 15.64 g L with an
average level of 3.84 + 4.23 of ug L"; and Pb was detected
in amounts ranging from 0.09 pg L" to 5.50 g L! with an
average level of 1.66 +1.50 ug L.

Table 1. Descriptive Statistics of Elements Concentration (g L-1) in Groundwater
Resources of Toyserkan Plain

Element Min. Max. Mean

As 0.08 7.48 3.67 £2.23
Zn 0.12 15.64 3.84 +4.23
Pb 0.09 5.50 1.66 £ 150

Based on independent one-sample t-test comparing
the heavy metal contents in groundwater samples of Toy-
serkan Plain with maximum permissible limits (ug L")
(100.0, 2000.0, and 100.0 for As, Zn, and Pb, respectively)
established by the world health organization (WHO) (35),
it was shown that the mean contents of all analyzed ele-
ments were lower than MPL.

In this study, for the same basis comparison, the same
training and testing sets are utilized for the 2 models.
Two standard statistical performance evaluations are em-
ployed to evaluate the performances of models. For all
heavy metals concentrations, all the ANN models were first
trained using the data in the training sets (using the first
75% of the data) to obtain the optimized set learning coef-
ficients, and then tested (using the 25% of the data).

The ANN models for heavy metals concentration fore-
casting were developed using the MATLAB R2014 software
program. The MLP and RBF models were trained and tested
based on the same dataset for each metal. The number of
neurons in the hidden layer was selected using a trial-and-
error procedure (42). The Levenberg-Marquardt algorithm
(43) was employed to train the MLP model.

Table 2 presents the results of MLP and RBF models in
terms of various performance statistics. It could be ob-
served from Table 2 that the MLP model had better per-
formance during both training and testing, and it outper-
formed RBF in terms of standard statistical indicators. For
As concentration in the training phase, the MLP model ob-
tained the best R* and RMSE of 0.9464 and 0.5834, respec-
tively and the RBF model obtained R2 and RMSE of 0.9377
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Figure 2. A Three-Layer Multi-Layer Perceptrons Neural Network Model

and 0.7313, respectively. Analyzing the results during test-
ing, itcould be observed that the MLP model outperformed
the RBF model. For Zn concentration, in the training phase,
the MLP model obtained the best R* and RMSE of 0.9821
and 0.9946, respectively and the RBF model obtained R?
and RMSE of 0.9702 and 1.0427, respectively. Analyzing the
results during testing, it could be observed that the MLP
model outperforms the RBF model. Similarly, for Pb con-
centration, in the training phase, the MLP model obtained
the best R? and RMSE of 0.9748 and 0.2666, respectively
and the RBF model obtained R? and RMSE of 0.9524 and
0.3684, respectively. Analyzing the results during testing,
it could be observed that the MLP model outperforms the
RBF model.

Table 2. Comparative Performance of Artificial Neural Networks for As, Zn and Pb
Concentration

Element Methods Training Testing
RMSE R’ RMSE R’
MLP 0.5834 0.9464 0.2592 0.9302
As
RBF 0.7313 0.9377 0.3666 0.9199
MLP 0.9946 0.9821 0.4797 0.9774
In
RBF 1.0427 0.9702 0.5064  0.8953
MLP 0.2666 0.9748 0.2880 0.9626
Pb
RBF 0.3684 0.9524 0.3867 0.9531
4

The performances of models developed in this paper
during the training and testing phases for all heavy met-
als concentration are shown in Figures 3 to 8. It could be
observed that the MLP model had less scattered estimates
and that the values were denser in the neighborhood of
the straight line compared to the RBF model. In both the
model training phase and the model testing phase, the
MLP simulated data showed greater agreement with the
observed data than the RBF simulated data. Overall, it
could be concluded that the MLP model for all heavy metals
provided more accurate forecasting results than the RBF
model for forecasting of heavy metals concentration in the
Toyserkan plain.

Comparison of the model efficiency statistic (R*) be-
tween the MLP model and the RBF model, presented in Ta-
ble 2, revealed that the MLP model had outperformed the
RBF model in both the training phase as well as in the test-
ing phase. In the testing phase, the RBF model had lower
R? than the MLP model for all heavy metals.

Nor et al. (2014) (44) applied planar electromagnetic
sensor array and artificial neural network for nitrate and
sulfate estimation in water sources. The results demon-
strated that artificial neural network achieved a high de-
gree of accuracy to estimate the water contamination and
it is a robust low-cost approach for water source monitor-

ing.
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Figure 3. Observed and Simulated As Concentration by the Multi-Layer Perceptron Model During the Training and Testing Phases
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Figure 4. Observed and Simulated As Concentration by the Radial Basis Function Model During the Training and Testing Phases
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Figure 5. Observed and Simulated Zn Concentration by Multi-Layer Perceptron Model During the Training and Testing Phases

Avicenna ] Environ Health Eng. 2017; 4(1):e11792.


http://ajehe.com/en/index.html

Alizamir M and Sobhanardakani S

RBF, g I!

RBF Prediction of Zn

Concentration - Training Phase

y=0.8753x-0.0301
R?=0.9702

4 6 8 10 12

Measured Data, ng I'

RBF, g I'

RBF Prediction of Zn

Concentration - Training Phase

y=0.6853X+0.4722
R?*=0.8953

0.5 1 15 2 25 3 35

Measured Data, pg I

Figure 6. Observed And Simulated Zn Concentration by Radial Basis Function Model During the Training and Testing Phases
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Figure 7. Observed and Simulated Pb Concentration by Multi-Layer Perceptron Model During the Training and Testing Phases

RBF, g 1!

RBF Prediction of Pb
Concentration - Training phase

2 3 4

Measured Data, pg I

RBF Prediction of Pb
Concentration - Training phase

y=0.6605x+0.2522

25 R?=0.9531

2
15

1

o) [¢]

0.5 o

0

0 0.5 1 15 2 25

Measured Data, pg I'

Figure 8. Observed and Simulated Pb Concentration by Radial Basis Function Model During the Training and Testing Phases
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4. Conclusions

In the current study, the long-term changes in trends of
heavy metals (As, Zn, and Pb) concentration in groundwa-
ter resources of Toyserkan Plain were estimated by 2 differ-
ent neural network approaches. The data from actual field
observed data in the Toyserkan plain were employed to de-
velop models investigated in this study. The results were
analyzed visually by using scatter plots and also in terms
of parameters, such as RMSE and R?. The results obtained
in this study indicated that the ANNs methods were power-
ful tools to model heavy metals concentration. This study
found that the MLP model was substantially more accurate
than the RBF model. The accurate forecasting results for
As,Zn, and Pb heavy metals concentration in the Toyserkan
plain revealed that the MLP method is a potentially very
useful approach for heavy metals concentration forecast-

ing.

References

1. Harmanescu M, Alda LM, Bordean DM, Gogoasa I, Gergen I. Heavy met-
als health risk assessment for population via consumption of vegeta-
bles grown in old mining area; a case study: Banat County, Romania.
Chem Cent]J. 2011;5:64. doi: 10.1186[1752-153X-5-64. [PubMed: 22017878].

2. Tchounwou PB, Yedjou CG, Patlolla AK, Sutton DJ. Heavy metal toxic-
ity and the environment. EXS. 2012;101:133-64. d0i: 10.1007/978-3-7643-
8340-4_6. [PubMed: 22945569].

3. Sobhanardakani S, Taghavi L, Shahmoradi B, Jahangard A. Ground-
water quality assessment using the water quality pollution indices
in Toyserkan Plain. Environ Health Engin Manag. 2016;4(1):21-7. doi:
10.15171/ehem.2017.04.

4. Hoha GV, Costachescu E, Leahu A, Pasarin B. Heavy metals contami-
nation levels in processed meat marketed in Romania. Environ Engin
Manag]. 2014;13(9):2411-5.

5. RezaeiRaja O, Sobhanardakani S, Cheraghi M. Health risk assessment
of citrus contaminated with heavy metals in Hamedan city, poten-
tial risk of Al and Cu. Environ Health Engin Manag. 2016;3(3):131-5. doi:
10.15171/ehem.2016.11.

6. Hosseini SV, Sobhanardakani S, Tahergorabi R, Delfieh P. Selected
heavy metals analysis of Persian sturgeon’s (Acipenser persicus)
caviar from Southern Caspian Sea. Biol Trace Elem Res. 2013;154(3):357-
62. doi: 10.1007/s12011-013-9740-6. [PubMed: 23824563].

7. SmedleyPL,Kinniburgh DG. Areview of the source, behaviour and dis-
tribution of arsenic in natural waters. Appl Geochem. 2002;17(5):517-
68. doi: 10.1016/50883—2927(02)00018—5.

8. Stolz JF, Basu P, Santini JM, Oremland RS. Arsenic and selenium
in microbial metabolism. Annu Rev Microbiol. 2006;60:107-30. doi:
10.1146/annurev.micro.60.080805.142053. [PubMed: 16704340].

9. Ashraf MA, Ahmad M, Akib S, Balkhair KS, Abu Bakar NK. Chemical
species of metallic elements in the aquatic environment of an ex-
mining catchment. Water Environ Res. 2014;86(8):717-28. [PubMed:
25306787].

10. Abu Bakar AF, Yusoff I, Ng TF, Ashraf MA. Cumulative impacts
of dissolved ionic metals on the chemical characteristics of river
water affected by alkaline mine drainage from the Kuala Lipis
gold mine, Pahang, Malaysia. Chem Ecol. 2014;31(1):22-33. doi:
10.1080/02757540.2014.950569.

11. Alizamir M, Sobhanardakani S. Forecasting of heavy metals concen-
tration in groundwater resources of Asadabad plain using artificial
neural network approach. Adv Environ Health Res. 2016;4(2):68-77.

Avicenna | Environ Health Eng. 2017; 4(1):e11792.

12.

13.

15.

18.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Hsueh YM, Wu WL, Huang YL, Chiou HY, Tseng CH, Chen CJ. Low
serum carotene level and increased risk of ischemic heart disease re-
lated to long-term arsenic exposure. Atherosclerosis. 1998;141(2):249-
57. [PubMed: 9862173].

Tseng CH, Tai TY, Chong CK, Tseng CP, Lai MS, Lin BJ, et al. Long-term
arsenic exposure and incidence of non-insulin-dependent diabetes
mellitus: a cohort study in arseniasis-hyperendemic villages in Tai-
wan. Environ Health Perspect. 2000;108(9):847-51. [PubMed: 11017889].

. Sobhanardakani S, Jamali M, Maanijou M. Evaluation of as, Zn, Cr

and Mn concentrations in groundwater resources of razan plain
and preparation of zoning map using gis. | Environ Sci Technol.
2014;16(2):25-38.

Liang CP, Wang SW, Kao YH, Chen ]S. Health risk assessment of
groundwater arsenic pollution in southern Taiwan. Environ Geochem
Health. 2016;38(6):1271-81. doi: 10.1007/s10653-016-9794-4. [PubMed:
26817926].

. Grattan BJ, Freake HC. Zinc and cancer: implications for LIV-1 in

breast cancer. Nutrients. 2012;4(7):648-75. doi: 10.3390/nu4070648.
[PubMed: 22852056].

. Medeiros RJ, dos Santos LMG, Freire AS, Santelli RE, Braga AMCB,

Krauss TM, et al. Determination of inorganic trace elements in ed-
ible marine fish from Rio de Janeiro State, Brazil. Food Control.
2012;23(2):535-41.

Sobhanardakani S, Razban S, Maanijo M. Evaluation of concentration
of some heavy metals in ground water resources of Qahavand Plain-
Hamedan. ] Kermanshah Univ Med Sci. 2014;18(6):339-48.

. Sobhan AS, Jamshidi K. Assessment of metals (Co, Ni, and Zn) content

in the sediments of Mighan Wetland using geo-accumulation index.
Iran ] Toxicol. 2015;30:1386-90.

Sobhanardakani S, Kianpour M. Heavy Metal Levels and Poten-
tial Health Risk Assessment in Honey Consumed in the West of
Iran. Avicenna | Environ Health Engin. 2016;In Press(In Press) doi:
10.17795/ajehe-7795.

Krejpcio Z, Sionkowski S, Bartela J. Safety of fresh fruits and juices
available on the Polish market as determined by heavy metal
residues. Polish | Environ Stud. 2005;14(6):877.

Liu P, Wang CN, Song XY, Wu YN. Dietary intake of lead and cadmium
by children and adults - Result calculated from dietary recall and
available lead/cadmium level in food in comparison to result from
food duplicate diet method. Int | Hyg Environ Health. 2010;213(6):450-
7.doi: 10.1016/j.ijheh.2010.07.002. [PubMed: 20705508].

Hariri E, Abboud MI, Demirdjian S, Korfali S, Mroueh M, Taleb RI. Car-
cinogenic and neurotoxic risks of acrylamide and heavy metals from
potato and corn chips consumed by the Lebanese population. ] Food
Compos Analysis. 2015;42:91-7.

Sobhan Ardakani S, Maanijou M, Asadi H. Investigation of Pb, Cd, Cu
and Mg concentrations in groundwater resources of Razan Plain. Sci
JHamadan Univ Med Sci. 2015;21(4):319-29.

Shamim MA, Ghumman AR, Ghani U. Forecasting groundwater con-
tamination using artificial neural networks. 1st International Confer-
ence on Water Resources and Arid Environments. .

Ahangar AG, Soltani ], Abdolmaleki AS. Predicting Mn concentration
in water reservoir using Artificial neural network (Chahnimehi reser-
voir, Iran). Int ] Agric Crop Sci. 2013;6(20):1413.

Hattab N, Hambli R, Motelica-Heino M, Bourrat X, Mench M. Applica-
tion of neural network model for the prediction of chromium con-
centration in phytoremediated contaminated soils. ] Geochem Explor.
2013;128:25-34. doi: 10.1016/j.gexpl0.2013.01.005.

Shakeri Abdolmaleki A, Gholamalizadeh Ahangar A, Soltani J. Artifi-
cial Neural Network (ANN) Approach for Predicting Cu Concentration
in Drinking Water of Chahnimeh1 Reservoir in Sistan-Balochistan,
Iran. Health Scope. 2013;2(1):31-8. doi: 10.17795/jhealthscope-9828.
Hossain MM, Piantanakulchai M. Groundwater arsenic contamina-
tion risk prediction using GIS and classification tree method. Engin
Geol. 2013;156:37-45. doi: 10.1016/j.enggeo.2013.01.007.


http://dx.doi.org/10.1186/1752-153X-5-64
http://www.ncbi.nlm.nih.gov/pubmed/22017878
http://dx.doi.org/10.1007/978-3-7643-8340-4_6
http://dx.doi.org/10.1007/978-3-7643-8340-4_6
http://www.ncbi.nlm.nih.gov/pubmed/22945569
http://dx.doi.org/10.15171/ehem.2017.04
http://dx.doi.org/10.15171/ehem.2016.11
http://dx.doi.org/10.1007/s12011-013-9740-6
http://www.ncbi.nlm.nih.gov/pubmed/23824563
http://dx.doi.org/10.1016/s0883-2927(02)00018-5
http://dx.doi.org/10.1146/annurev.micro.60.080805.142053
http://www.ncbi.nlm.nih.gov/pubmed/16704340
http://www.ncbi.nlm.nih.gov/pubmed/25306787
http://dx.doi.org/10.1080/02757540.2014.950569
http://www.ncbi.nlm.nih.gov/pubmed/9862173
http://www.ncbi.nlm.nih.gov/pubmed/11017889
http://dx.doi.org/10.1007/s10653-016-9794-4
http://www.ncbi.nlm.nih.gov/pubmed/26817926
http://dx.doi.org/10.3390/nu4070648
http://www.ncbi.nlm.nih.gov/pubmed/22852056
http://dx.doi.org/10.17795/ajehe-7795
http://dx.doi.org/10.1016/j.ijheh.2010.07.002
http://www.ncbi.nlm.nih.gov/pubmed/20705508
http://dx.doi.org/10.1016/j.gexplo.2013.01.005
http://dx.doi.org/10.17795/jhealthscope-9828
http://dx.doi.org/10.1016/j.enggeo.2013.01.007
http://ajehe.com/en/index.html

Alizamir M and Sobhanardakani S

3L

32.

33.

34.

35.

36.

. Hosseini SM, Mahjouri N. Developing a fuzzy neural network-based

support vector regression (FNN-SVR) for regionalizing nitrate con-
centration in groundwater. Environ Monitor Assess. 2014;186(6):3685-
99. doi: 10.1007/s10661-014-3650-8.

Keskin TE, Dugenci M, Kacaroglu F. Prediction of water pollution
sources using artificial neural networks in the study areas of Sivas,
Karabiik and Bartin (Turkey). Environ Earth Sci. 2014;73(9):5333-47. doi:
10.1007/512665-014-3784-6.

Mandal S, Mahapatra SS, Sahu MK, Patel RK. Artificial neural
network modelling of As(Ill) removal from water by novel hy-
brid material. Process Safety Environ Protect. 2015;93:249-64. doi:
10.1016/j.psep.2014.02.016.

Podder MS, Majumder CB. The use of artificial neural network for
modelling of phycoremediation of toxic elements As(IlI) and As(V)
from wastewater using Botryococcus braunii. Spectrochimica Acta Part
Mol Biomol Spectroscopy. 2016;155:130-45. doi: 10.1016/j.saa.2015.11.011.
Alizamir M, Sobhanardakani S, Taghavi L. Modeling of groundwater
resources heavy metals concentration using soft computing meth-
ods: Application of different types of artificial neural networks. |
Chem Health Risk. 2017;4(2):68-77.

Sobhanardakani S, Talebiani S, Maanijou M. Evaluation of As, Zn, Pb
and Cu concentrations in groundwater resources of Toyserkan Plain
and preparing the zoning map using GIS. ] Mazandaran Univ Med Sci.
2014;24(114):120-30.

Edet AE, Offiong OE. Evaluation of water quality pollution in-
dices for heavy metal contamination monitoring. A study
case from Akpabuyo-Odukpani area, Lower Cross River Basin

37.

38.

39.

40.

41.

42.

43.

44.

(southeastern Nigeria). GeoJournal.
10.1023/B:GEJ0.0000007250.92458.de.
Eberhart RC. Neural network PC tools: a practical guide. Academic
Press; 2014.

Aqil M, Kita I, Yano A, Nishiyama S. A comparative study of artifi-
cial neural networks and neuro-fuzzy in continuous modeling of the
daily and hourly behaviour of runoff. | Hydrol. 2007;337(1-2):22-34.
doi: 10.1016/j.jhydrol.2007.01.013.

Broomhead DS, Lowe D. Radial basis functions, multi-variable func-
tional interpolation and adaptive networks. Royal Signals and Radar
Establishment Malvern (United Kingdom); 1988.

Gholami A, Bonakdari H, Zaji AH, Michelson DG, Akhtari AA. Im-
proving the performance of multi-layer perceptron and radial ba-
sis function models with a decision tree model to predict flow vari-
ables in a sharp 90° bend. Appl Soft Comput. 2016;48:563-83. doi:
10.1016/j.a50€.2016.07.035.

Buhmann MD. Radial basis functions: theory and implementations.
Cambridge university press; 2003.

Jain SK, Das A, Srivastava DK. Application of ANN for Reservoir
Inflow Prediction and Operation. | Water Resources Plan Manag.
1999;125(5):263-71. doi: 10.1061/(asce)0733-9496(1999)125:5(263).
Haykin S. Neural network, a comprehensive foundation. Englewood
Cliffs: Prentice-Hall; 1999.

Nor ASM, Faramarzi M, Yunus MAM, Ibrahim S. Nitrate and Sul-
fate Estimations in Water Sources Using a Planar Electromagnetic
Sensor Array and Artificial Neural Network Method. IEEE Sensors .
2015;15(1):497-504. doi: 10.1109/jsen.2014.2347996.

2002;57(4):295-304. doi:

Avicenna ] Environ Health Eng. 2017; 4(1):e11792.


http://dx.doi.org/10.1007/s10661-014-3650-8
http://dx.doi.org/10.1007/s12665-014-3784-6
http://dx.doi.org/10.1016/j.psep.2014.02.016
http://dx.doi.org/10.1016/j.saa.2015.11.011
http://dx.doi.org/10.1023/B:GEJO.0000007250.92458.de
http://dx.doi.org/10.1016/j.jhydrol.2007.01.013
http://dx.doi.org/10.1016/j.asoc.2016.07.035
http://dx.doi.org/10.1061/(asce)0733-9496(1999)125:5(263)
http://dx.doi.org/10.1109/jsen.2014.2347996
http://ajehe.com/en/index.html

	Abstract
	1. Introduction
	2. Methods
	2.1. Study Area
	2.2. Sample Collection
	Figure 1

	2.3. Sample Preparation and Analysis
	2.4. Artificial Neural Networks
	2.4.1. Multilayer Perceptron Neural Network
	Figure 2

	2.4.2. Radial Basis Function Neural Network

	2.5. Models Performance Evaluation

	3. Results and Discussion
	Table 1
	Table 2
	Figure 3
	Figure 4
	Figure 5
	Figure 6
	Figure 7
	Figure 8

	4. Conclusions
	References

