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Abstract
In this study, copper (Cu), iron (Fe), zinc (Zn), manganese (Mn), nickel (Ni), and lead (Pb) analyses were performed, and the results
were modelled by artificial neural networks (ANN) and adaptive neuro-fuzzy inference system (ANFIS). Samples were taken from 3
stations selected on the Bartin River for 1 year between December 2012 and December 2013. Radial basis neural network (RBANN),
multilayer perceptron (MLP) neural networks models, and adaptive neuro-fuzzy inference system (ANFIS) were applied to the data in
order to predict the heavymetal concentrations. As a result of the study, the RMSE andMAEvalues of all the heavymetal modelswere
found to have very low error values during the test phase, and it was found that the models created using MLP had R2 values higher
than 0.77 during the test phase; the test phase R2 values of themodels using RBNmethodwere found to be ranging between 0.773 and
0.989, and the test phase R2 value of the ANFIS model was higher than 0.80. If sorted from the best model to the worst by taking the
MAE and RMSE values into consideration based on the test evaluation results, according to the heavy metal types, where all of the
MLP, RBN, and ANFIS models were generally approximate to each other, RBN was successful for Cu, Zn, and Mn, while MLP
model was successful for Ni and ANFISmodel for Fe and Pb. According to the results, it can be inferred that the heavy metal contents
can be estimated approximately with artificial intelligence models and relatively easy-to-measure parameters; it will be possible to
detect heavy metals which are harmful to the viability of the rivers, both quickly and economically.
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Introduction

Today, water streams such as rivers are subject to intensive
pollution due to the growth of industrial activities and the

rapid increase in population. Chemical pollution of rivers in
particular is one of the biggest threats to human health and
aquatic ecosystems (Magdaleno et al. 2014). Heavy metals are
discharged into the rivers as a result of natural processes and
anthropogenic activities. Manymetals such as Cu, Fe,Mn, Ni,
and Zn are essential for human life and are beneficial to health
at low concentrations, but higher concentrations can be toxic
and contaminate the environment, and may endanger the
whole ecosystem in return (Shanbehzadeh et al. 2014; Prabu
2009; Ozel et al. 2019; Alizamir and Sobhanardakani 2017).
However, metals such as As, Cd, Cr, Hg, Pb, and Sn have no
known basic functions in living organisms and are toxic even
at low concentrations (Alizamir and Sobhanardakani 2017).
The most notable property of heavy metals is bioaccumulation
and their long biological half-lives (Alizamir and
Sobhanardakani 2017, 2016; Sevik et al. 2019a, b; Cetin
2019; Cetin et al. 2019). This is why heavy metals are infa-
mously toxic and hazardous (Alizamir and Sobhanardakani
2017; Hoha et al. 2014; Turkyilmaz et al. 2018a, b; Cetin
et al. 2020; Sevik et al. 2020a, b, c; Alaqouri et al. 2020).
These heavy metals enter the human body from the food
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chain, and can cause both acute and chronic effects in humans
(Dokmeci 2017; Aricak et al. 2019; Aricak et al. 2020; Sevik
et al. 2020a, b, c). For this reason, a thorough investigation on
the heavy metal contamination of water resources (rivers,
lakes, and groundwater) and the determination of pollutant
sources have gained a lot of attention worldwide (Elzwayie
et al. 2017; Alizamir and Sobhanardakani 2017; Lu et al.
2019).

However, monitoring the pollution levels of rivers by using
direct measurement methods requires a lot of labor, equip-
ment, and time. For a good management of water resources,
river pollution should be well defined, monitored, and
modelled. Modelling is an alternative solution to reduce water
quality monitoring cost. In general, predictions produced by
the models are based on limited sampling information of pol-
lutant concentrations (Nhantumbo et al. 2018). Artificial neu-
ral networks (ANN) is an essential calculation method to pre-
dict and model complex relationships between data, even
without any significant relationship between parameters.
Compared with traditional methods, ANN allows inaccurate
or incomplete data and approximate results, and they are less
sensitive to outliers. However, when modelling studies were
examined, ANFIS was preferred for its ability to establish
reliable models quickly without the need for expert knowl-
edge with. ANN and ANFIS have recently been successfully
applied in environmental sciences such as water resources,
water quality, and hydrologic time series (Singh et al. 2009;
Sarkar and Pandey 2015; Küçükerdem et al. 2019).

There are publications on rivers trying to predict daily flow
data using artificial neural networks, ANFIS, and multiple
non-linear regression models, and that ANFIS model gives
better results than other models (Altunkaynak and Başakın
2018; Anusree and Varghese 2016).

In many studies, ANN predicts heavy metal concentrations
(As, Pb Cu, Fe, Mn, Zn, etc.) in both rivers and groundwater.
ANN, multilayer sensor (MLP), backpropagation neural net-
work (BPNN), general regression neural network (GRNN),
and multiple linear regression (MLR) models are used. It
was established that the ANN model was an efficient applica-
tion for heavy metal forecasting. Many researchers have re-
ported that the results were suitable for predicting heavy
metals in a fast and cost-effective manner (Rooki et al. 2011;
Abdolmaleki et al. 2013; Altunkaynak and Başakın 2018;
Alizamir and Sobhanardakani 2016; Anusree and Varghese
2016; Alizamir and Sobhanardakani (2017). Also in numer-
ous studies carried out in different regions, some results re-
garding the use of ANN in monitoring water quality were
obtained (Arhami et al. 2013; Azid et al. 2014; Chelani et al.
2002; Venkatramanan et al. 2017).

Many studies have researched heavy metal concentrations in
dissolved and river sediments (Swietlicka et al. 2017; Ozel et al.
2019; Lu et al. 2019). It has been revealed in studies that phys-
icochemical and environmental factors may affect heavy metal

concentrations. Therefore, pH, COD, SS, etc. parameters are
used as input data for the prediction of heavy metal concentra-
tions (Lu et al. 2019). Heavy metal concentrations and other
environmental indices should be constantly monitored to com-
prehensively understand the behavior and associated risks of
heavy metals in aquatic environments; however, it should be
reiterated that regular and integrated monitoring is time-
consuming and costly, and integrated monitoring systems that
take into account both heavy metals and other relevant environ-
mental indices are often lacking (Lu et al. 2019).

Because of the danger they pose, heavy metals should be
investigated in drinking and utility waters. The Bartin River,
the subject of this study, feeds underground waters used as
drinking water. The river is also used for irrigation purposes
and constitutes the recreation area of the city. Bartin River has
an important place in the city. The determination of the quality
of the water resources is important for all areas today, where
the water resources are rapidly depleted and quality water is
lacking. Heavy metals have a high toxicity and are thought to
be found in large amounts in the Bartin River. In our country,
four different categories were determined for the quality of
surface waters and quali ty classes were created.
Accordingly, the 1st class represents the high-quality water
group, the 2nd class represents less polluted, the 3rd class
contaminated, and the 4th class highly contaminated water
group. High water quality limit value and little contaminated
water quality value in our country is set between 20 and 50
μg/L for Cu, 300 and 1000μg/L for Fe, and 200 and 500 μg/L
for Zn. It was determined as 100 μg/L and 500 μg/L for Mn,
20 μg/L and 50 μg/L for Ni, and 10 μg/L and 20 μg/L for Pb,
respectively (Official Gazette 2012)

The aim of this study is to estimate certain parameters by
using artificial neural networks and adaptive neuro-fuzzy in-
ference system (ANFIS) models, by determining the quality of
water resources, and to develop methods to reduce the number
of parameters to be analyzed. Estimating heavy metals in
Bartin River requires more special analysis than the parame-
ters that are frequently analyzed by local governments. For
this purpose, samples were taken from 3 stations selected on
the Bartin River for 1 year between December 2012 and
December 2013. Some of the heavy metals, such as copper
(Cu), iron (Fe), zinc (Zn), manganese (Mn), nickel (Ni), and
lead (Pb) were subjected to analyses, and the obtained values
were modelled by using artificial neural networks and adap-
tive neuro-fuzzy inference system.

Materials and methods

Study area

Surface water samples were collected from 3 sampling sites
throughout the Bartin River. Figure 1 shows the location of
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the samples taken from the Bartin River. S1, S2, and S3 refer
to the locations of Kemerkopru, Kozcagiz, and Orduyeri, re-
spectively. These stations are considered the best reflecting
points of heavy metal pollution caused by domestic and in-
dustrial activity on the Bartin River.

Analysis of the sample

The samples from the Bartin River were collected on a
monthly basis for a whole year between December 2012
and December 2013. Sample analyses were determined
by measuring the dissolved metal concentration in Bartin
River. Before taking the sample, the sample bottles were
rinsed several times from river water before being filled
from the river water. After the samples were brought to
the laboratory, concentrated nitric acid was added. The
samples were then filtered through a filter paper. The
amount of heavy metals in water samples was deter-
mined by using Atomic Absorption Spectrophotometer.
Standard solutions in 5 different concentrations were pre-
pared to obtain the calibration curve before the AAS
analysis. This was done by dilution from standard stock
solution at a concentration of 1000 ppm. Cathode lamps
were used as radiation source for Cu, Mn, Ni, Pb, Zn,
and Fe metals and the fuel was air acetylene. All samples
were analyzed in triplicates. River water pH, temperature
(T), and EC values were measured using a multi-
parameter measuring device (Hach HQ40D) with on-site
measurements at these stations. COD, BOD, and SS
analyses were performed in the laboratory and all param-
eters were analyzed according to standard methods
(APHA 1985)

Artificial intelligence models

In this section, the structures and model architectures used for
ANN and ANFIS models are summarized, and the structure
and the function types of ANN and ANFIS, input and output
parameters used, and the training and testing phases are
explained.

Multilayer perceptron model

The most widely used ANN model is multilayer perceptron
(MLP). It is a flexible method which has simple neurons,
consisting of an input layer, one or more hidden layers, and
an output layer. The sensor calculates a single output by cre-
ating combinations of linear relationships according to input
weights and transfer functions. It is generally suggested to use
one hidden layer within the network, since more hidden layers
cause local minimum problems. As shown in Eq. 1, the math-
ematical formula of the MLP model can be created.

Y ¼ F ∑
m

j¼1
Wkj:F nj

� �þ Bk

 !

¼ F ∑
m

j¼1
Wkj:F ∑

n

i¼1
WjiX i þ Bj

� �
þ Bk

 !
ð1Þ

Here, Wkj refers to the weights between the hidden layer
and the input layer; Wji refers to the weights between the
hidden layer and the output layer; Xi to the input variables;
m to the number of neurons in the hidden layer; n to the
number of neurons in the input layer; Bj and Bk to the bias
values of the neurons in the hidden layer and the output layer;
Fj and Fk to the transfer functions in the hidden layer and the

Fig. 1 The locations of the samples taken from the Bartin River
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output layer; and Y to the output value (Messikh et al. 2017;
Ghritlahre and Prasad 2018). An architectural representation
ofMLP consisting of a single hidden layer with three neurons,
two input layers, and an output layer is given in Fig. 2.

MLP model setup is as follows respectively: selection of
input data, determination of transfer function, normalization
of the data, selection ofMLP architecture, selection of training
algorithm, determination of model performance criteria, and
selection of stop criterion. Successful representation of events
with complex behavior by ANN model depends on the selec-
tion of training data and input parameters correctly. In the
training of ANN models, it is stated that 70–80% of the data
set should be reserved (Ghritlahre and Prasad 2018; Assi et al.
2018; Fissa et al. 2019).

Selection of model inputs can be determined by testing
due to the complexity of the event, and here, while in-
creasing the number of inputs increases the complexity of
the network, it may also affect the model success in both
positively and negatively. Generally, the number of inputs
in most ANN models is selected between 2 and 6. The
transfer functions are used in order to simulate the event
by using the input and output parameters. One of the most
widely used transfer functions is the Log-Sigmoid transfer
function (Logsig) shown in Fig. 3a. This function gener-
ates outputs within the range of 0 to 1 in response to the
Logsig input data given in Eq. 2. On the other hand, the
tangent sigmoid transfer function (Tansig), which is sim-
ilar to Logsig, generates outputs within the range of − 1 to
1. The graph of Tansig, of which function is given in Eq.
3, is shown in Fig. 3b. Even though most of the real
models have non-linear input and output parameters, in
the cases close to linearity, the Purelin transfer function
given in Fig. 3c can represent the event in the best way
(Abdi-Khanghah et al. 2018).

a ¼ Logsig zð Þ ¼ 1

1þ e−z
ð2Þ

a ¼ Tansig zð Þ ¼ 2

1þ e−2z
−1 ð3Þ

Normalization is a form of data processing used in data
mining. Normalization is necessary when the values of the
parameters differ greatly. By normalization, the values inside
the data set are scaled down to a small range determined with-
in the range of 0.0 to 1.0. The most commonly used normal-
ization method in ANN models is the min-max method. Min-
max normalization performs a linear transformation on the
original data (Hang et al. 2019).

In the MLP models within the scope of this study, the
normalization range for the data was selected to be between
0.2 and 0.8. The type of transfer functions and the number of
neurons in the hidden layer were found by trial and error as
recommended in the literature. In all of the MLP models, the
training algorithm selected was Levenberg-Marquart, the rev-
olutions per minute as 500, and the mean square error as MSE
= 10−7, like the target error.

Radial basis function network model

Despite resembling the MLP model fundamentally, radial ba-
sis function network (RBN) models have some critically
distinguishing differences. As in MLP, the input layer, hidden
layer, and output layer form the basic architectural structure in
RBN. Although unlike MLP, RBN has weights only between
the hidden layer and the output layer. These weights can be
found by least squares method. However, the most important
difference distinguishing RBN from MLP occurs in the hid-
den layer. Here, there are both structural and functional dif-
ferences. While the reason for the structural difference is the
number of neurons and the training algorithm, the functional
difference is because of the fact that the neurons in the hidden
layer contain radial functions. The Gaussian function is main-
ly used here as the activation function, and the function in the
Gaussian structure is given in Eq. 4 and Fig. 4 (Asgharnia
et al. 2019; Han et al. 2019).

Fig. 2 Architectural
representation of a multilayer
perceptron model (2, 3, 1)
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f xð Þ ¼ exp −
x−cik k2
σ2
i

 !
; i ¼ 1; 2;…::; k ð4Þ

Here, x refers to the input parameter, c to the distance from
the center of the Gaussian function, and σ to the spread pa-
rameter. As can be seen from the function, the spread param-
eter significantly affects the network performance.

Unlike MLP, there is no parameter learning in the RBN
method. Linear adjustment of the weights is performed for the
bases of the radial function. In this way, a rapid convergence
occurs without local minimums. The RBN theory is described
in detail in Haykin (1998). In this study, the optimum number
of neurons in the hidden layer and the spread numbers in
return to this were determined by trial and error method.

Adaptive neuro-fuzzy inference system model

Adaptive neuro-fuzzy inference system (ANFIS), which
uses gradient descent–based optimization methods in order

to set the membership function parameters, is composed of
three basic parts which are fuzzy rule base, membership
functions defining the fuzzy sets of fuzzy rules, and rea-
soning mechanism. ANFIS, which emerges with the joint
use of ANN and fuzzy logic, functions with the principle of
optimizing the rule base and membership function values
in order to model the systems, whose input and output
values are known, with fuzzy logic. Optimization process
occurs with the use of ANN’s learning methods. By using
ANN, learning ability is built to the fuzzy systems which
normally do not have learning ability. In general, a hybrid
learning algorithm is used. In order to apply the ANFIS
method, generally a data set based on input-output is re-
quired. The model established depending on the number
and type of membership function selected is formed using
a learning algorithm. ANFIS forms a fuzzy model in the
Takagi-Sugeno structure, which means that a fuzzy model
is obtained from the inputs in the Mamdani (triangle, trap-
ezoid, gauss, etc.) structure and the outputs in the function
structure. If the fuzzy value generated by the method is

Fig. 4 Architectural
representation of a radial basis
function network model

Fig. 3 Transfer functions. a Log-
Sigmoid transfer function. b Tan-
Sigmoid transfer function. c
Purelin transfer function
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negative, it uses a set of rules. The fuzzy rules of an
ANFIS, which contains two inputs and two rules with in-
put variables of x1 and x2, are as follows.

R1: if x1 is A1 and x2 is B1, then f1 = p1x1 + q1x2 + r1
R2: if x1 is A2 and x2 is B2, then f2 = p2x1 + q2x2 + r2

Here, Ai and Bi are the fuzzy sets corresponding to x1 and
x2, respectively, and pi, qi, and ri are linear outcome parame-
ters. The ANFIS architecture is constructed by specifying the
parameters in a way to minimize the difference between the
output of the entire network and the target value, in other
words the error. The adaptive neural network structure formed
by ANFIS is shown in Fig. 5. Six layers and their functions
within the ANFIS structure are given below (Jang 1993;
Yilmaz and Kaynar 2011).

Layer 0: This layer showing the ANFIS inputs are gener-
ally deemed outside of main ANFIS structure.

Layer 1: This is the fuzzification layer where input values
are divided into fuzzy sets and where the membership degrees
are created by using membership functions. Here, the mem-
bership function gives the input variable a degree of member-
ship from 0 to 1, and this value is the fuzzy value of the net
input. Each node in the fuzzification layer corresponds to an
adaptive membership function given in Eq. 5.

O1;i ¼ μAj xð Þ ð5Þ

Here, O1, i i. is the output of the node and μAj(x) Aj is the
output of the membership functions of the fuzzy set. Although
there are various membership functions available, Gaussian
and generalized Bell functions are the most commonly used
ones.

Layer 2: It is named as the rule layer, and in line with a
fuzzy rule for each node, the calculated value is exported by
making a new calculation according to the output of the pre-
vious layer. For example, the output of the i. node can be
calculated with Eq. 6.

O2;i ¼ wi ¼ μAi xið ÞμBi x2ð Þ ð6Þ

Here, O2, i i. is named as the ignition level of the rule, and
μAi(x) and μBi(x) are the outcome of membership values.

Layer 3: This is defined as the normalization layer. It takes
the nodes coming from the rule layer as the input value and
calculates the normalized ignition level of j. node with Eq. 7,
by proportioning the ignition level of the j. rule to the total
ignition level of all rules.

O3; j ¼ wj ¼ wj

∑
R

i¼1
wi

ð7Þ

Here, wi i. refers to ignition level of the rule and R to the
total number of rules.

Layer 4: This layer, which is related to updatable parame-
ters, is an adaptive layer like Layer 2. The weighted outcome
values of a rule given on each node are calculated. The linear
function of this layer, namely clarification layer, is given with
Eq. 8.

O4;i ¼ wi f i ¼ wi pixi þ qix2 þ rið Þ ð8Þ

Here, O4, i is the outcome of the i. node in this layer and pi,
qi, and ri are the coefficients of the functions updated at the
optimization stage.

Layer 5: It calculates the actual outcome value of the sys-
tem according to Eq. 9, by collecting all the signals coming
from Layer 4.

O5;i ¼ ∑
i
wi f i ¼

∑
i
wi f i

∑
i
wi

ð9Þ

Here,O5, i is the last obtained outcome value andwi f i is the
i. node outcome of Layer 4.

For the optimization of rule parameters in ANFIS, both
standard error recirculation algorithm and hybrid learning al-
gorithm based on gradient descent and least-squares method

Fig. 5 Architectural
representation of an ANFIS
network model
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can be used (Jang 1993; Yilmaz and Kaynar 2011; Rajab
2019).

Preparation of data set and performance
measurement

Themeasured input parameters for modellingwere T, pH, EC,
COD, BOD, and SS. The data measured in this section are
divided into two categories as training data and test data in
order to train the models and measure the model perfor-
mances. Seventy-five percent of the total data was allocated
for training ofmodels and 25% for performancemeasurement,
completely randomly, in a way to have no statistically signif-
icant difference between the data. Statistical values of the data
are given in Table 1.

The model performances were defined according to
the principle that test data, which were completely inde-
pendent of the data, whose models had been used in the

training, being approximate to the observed values. In
order to test this proximity, root mean square error
(RMSE), mean absolute error (MAE), and determination
coefficient (R2) parameters were used. Here, R2 is used
in order to determine the linear relationship between ob-
served and predicted models, whereas MAE and RMSE
are used to measure model errors. MAE, RMSE, and
R2values are calculated using Eqs. 10–12, respectively
(Guo et al. 2019).

MAE ¼ 1

n
∑ yobserved−ypredicted
�� �� ð10Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n
∑ yobserved−ypredicted
� 	2r

ð11Þ

R2 ¼ 1−
∑ yobserved−ypredicted
� 	2
∑ yobserved−ymeanð Þ2 ð12Þ

Table 1 Statistics for data sets

Input parameters Output parameters

Statistic Data
type

Temp
(°C)

pH EC
(μS/cm)

COD (mg/
L)

BOD (mg/
L)

SS (mg/
L)

Cu (mg/
L)

Fe (mg/
L)

Zn (mg/
L)

Mn (mg/
L)

Ni (mg/
L)

Pb (mg/
L)

Mean Training 16.20 8.00 666.41 18.69 9.91 37.42 0.00952 0.82389 0.18894 0.04744 0.01033 0.00786

Test 15.88 8.04 656.44 18.90 10.52 41.11 0.00944 0.85956 0.19056 0.04800 0.00911 0.00785

Total 16.12 8.01 663.92 18.74 10.06 38.34 0.00950 0.83281 0.18935 0.04758 0.01003 0.00786

Std.
Deviati-
on

Training 7.04 0.52 208.49 4.84 4.17 9.57 0.00362 0.10106 0.06679 0.01652 0.00550 0.00155

Test 5.15 0.51 192.32 3.41 3.45 7.31 0.00411 0.06676 0.06314 0.01610 0.00534 0.00158

Total 6.62 0.52 204.62 4.53 4.01 9.20 0.00375 0.09493 0.06590 0.01642 0.00548 0.00156

Maximum Training 28.50 8.80 1027.00 28.20 17.90 49.70 0.01500 0.94800 0.31800 0.07800 0.01800 0.01030

Test 21.60 8.72 977.00 23.90 15.20 48.80 0.01600 0.95600 0.26300 0.06700 0.01700 0.01012

Total 28.50 8.80 1027.00 28.20 17.90 49.70 0.01600 0.95600 0.31800 0.07800 0.01800 0.01030

Minimum Training 6.50 7.25 427.00 10.80 3.50 18.70 0.00000 0.56600 0.09100 0.02300 0.00000 0.00390

Test 6.30 7.12 476.00 12.60 3.60 29.90 0.00400 0.73200 0.09300 0.02100 0.00400 0.00563

Total 6.30 7.12 427.00 10.80 3.50 18.70 0.00000 0.56600 0.09100 0.02100 0.00000 0.00390

Skewness Training 0.32 −
0.-
38

0.71 0.10 0.26 − 0.59 − 0.65 − 0.78 0.58 0.12 − 0.39 − 0.44

Test − 1.05 −
0.-
76

0.91 − 0.40 − 0.69 − 0.48 0.25 − 0.50 0.01 − 0.73 0.59 − 0.09

Total 0.19 −
0.-
45

0.72 0.03 0.09 − 0.64 − 0.37 − 0.87 0.45 − 0.06 − 0.17 − 0.34

Kurtosis Training − 1.20 −
1.-
51

− 1.25 − 0.83 − 0.92 − 0.87 0.39 0.03 − 0.91 − 1.30 − 0.93 − 0.10

Test − 0.14 −
0.-
37

− 1.16 − 0.60 − 0.08 − 1.65 − 1.24 − 0.24 − 1.99 − 0.65 − 1.78 − 1.73

Total − 1.01 −
1.-
32

− 1.23 − 0.71 − 0.91 − 0.69 − 0.22 0.37 − 1.10 − 1.22 − 1.23 − 0.52
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Here, n refers to the number of data, yobserved to the ob-
served heavy metal value (mg/L), and ymean to the mean value
of observed heavy metal (mg/L)’dir.

Results and discussion

Heavy metal concentrations in samples from Bartin River
produced varied values. According to the results of heavy
metal analysis carried out in the water samples taken, it was
determined that there was contamination at various rates with
heavy metals at all stations. Cu was below the 1st water qual-
ity limit values for all stations. Fe is in the 2nd quality class for
all stations. The values obtained for Zn were determined as 1st
for S1 and S3 station, and 2nd for S2 station. In terms of Mn,
values below 1st water quality class were obtained at all sta-
tions. For Ni and Pb, they were determined in the 1st quality
class in all stations. If a general evaluation is made for all
heavy metals considering all the stations, the water taken from
the S1 station falls under the category of water quality that is
less dirty in terms of Fe and Zn, and clean in terms of other
metals. S2 station has similar characteristics with Kemerkopru
(S1). The S3 station is in the category of water quality, which
is less polluted in terms of Fe and in terms of other metals. As
a result, pollution by heavy metal ions shows variable values.

Studies on the determination of heavy metal concentrations
in water resources have revealed that physicochemical and
environmental factors may affect heavy metal concentrations.
Therefore, pH, EC, COD, SS, etc. parameters are used as input
data for the prediction of heavy metal concentrations in the
studies (Rooki et al. 2011; Bayatzadeh Fard et al. 2017;
Nhantumbo et al. 2018; Lu et al. 2019; Agah and
Soleimanpourmoghadam 2020).

In other studies, it was insufficient to use the input param-
eters such as pH, temperature, and COD alone in estimating
metal concentration with ANN and ANFIS models; however,
it is stated that, if used together, the success of model estimates
significantly increases (Bayatzadeh Fard et al. 2017;
Nhantumbo et al. 2018; Lu et al. 2019). While these three
input data provide sufficient model performance in the esti-
mation of some metals, the addition of EC, BOD, and SS
values as input data in some metals estimation may increase
or decrease the model success (Lu et al. 2019). Lu et al. (2019)
show that the most effective input parameters used in their
study for the prediction of metal concentration are pH, tem-
perature, and COD.

RMSE, MAE, and R2 values of the training and test data of
MLP, RBN, and ANFIS models are given in Tables 2, 3, and
4, respectively. The best results for MLP models were obtain-
ed from the models with 6 inputs for Cu prediction; with 5
inputs without any SS for Fe; with 4 inputs without BOD and
SS variables for Zn; with 3 inputs with temperature, Ph, and

EC for Mn and Ni heavy metals; and with 3 inputs with tem-
perature, EC, and COD input variables for Pb. The number of
neurons in the hidden layer was tested between 1 and 30, and
in all good models, the number of neurons in the hidden layer
was found to be 10 or less.

As can be observed in Table 2, the RMSE andMAE values
of all heavy metal models created by using MLP were found
to be acceptably low, and R2 value was found to be above 0.77
during the test phase.

In heavy metal predictions, the models—where tempera-
ture, pH, EC, COD, BOD, and SS input variables were used—
were found to be more successful in the models created by
using RBN. The RBN model obtained without using BOD
and SS variables has fewer errors for Ni metal only. For
RBN models, the best values given in Table 3 were found
by testing where number of spread values determining the
width of the gauss curve was in the range of 0.1 to 3.0 and
the number of cells in the hidden layer was in the range of 1
and 30.

In the models using RBN method, the test phase error
values are close to MLP models with RMSE and MAE. R2

values of the models in the test phase were also calculated in
the range of 0.773 to 0.989.

Also, in ANFIS models, 6 input variables were introduced
to the network by applying different input combinations. In
ANFIS models, trimf, trapmf, pimf, gbellmf, gaussmf,
gauss2mf, dsimf, and psimf were tested as the membership
functions. The number of membership functions was applied
in the range of 1 to 5. Hybrid and ANN algorithms were used
for training the network and constant and linear were used as
output-type membership functions.

As can be seen in Table 4, R2 value of all ANFIS models is
higher than 0.80 during the test phase, and the RMSE and
MAE values indicate to low error values.

Actual values for Cu, Fe, Zn, Mn, Ni, and Pb heavy metals
were compared with the estimates from RBN, ANFIS, and
MLP models and R2 values of each model were obtained. In
order to test the models (Figs. 6, 7, 8, 9, 10, 11, 12, 13, 14, 15,
16 and 17), the graphs showing the distribution of the mea-
sured data and the values obtained from RBN, ANFIS, and
MLPmodels are given in Fig. 6 for Cu; in Fig. 8 for Fe; in Fig.
10 for Zn; in Fig. 12 for Mn; in Fig. 14 for Ni; and in Fig. 16
for Pb. Scatter diagrams obtained from the data measured with
the values estimated with RBN, ANFIS, and MLP models for
the test data are shown in Fig. 7 for Cu; in Fig. 9 for Fe; in Fig.
11 for Zn; in Fig. 13 for Mn; in Fig. 15 for Ni; and in Fig. 17
for Pb.

Despite the variability depending on the model type, it was
observed that the heavy metal content could be approximately
predicted by using temperature, pH, EC, COD, BOD, and SS
variables. Thus, by using artificial intelligence models and the
aforementioned parameters, which are relatively easy-to-mea-
sure, it will be possible to detect the heavy metals, which are
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harmful to living organisms inside the rivers, both quickly and
economically. If sorted from the best model to the worst by
taking the MAE and RMSE values into consideration based
on the test evaluation results according to the heavy metal
types, where all of the MLP, RBN, and ANFIS models were
generally approximate to each other, RBN was successful for
Cu, Zn, and Mn, while ANFIS model was successful for Fe
and Pb, and MLP for Ni.

For the good management of water resources, river pollu-
tion should be well defined, monitored, and modelled. For that
reason, ANN have recently been successfully applied in envi-
ronmental sciences such as water resources, water quality, and
hydrologic time series (Sarkar and Pandey 2015).

Elzwayie et al. (2017) used the radial basis function neural
network algorithm in order to model the changes in the heavy
metal content found in both polluted and non-polluted lake
water bodies in tropical “Malaysia” and arid “Libya” depend-
ing on climatic and pollution conditions. The study was con-
ducted under different climatic conditions, and the weekly
records of physicochemical parameter data (e.g., pH, EC,
WT, DO, TDS, TSS, CL, NO3, PO4, and SO4) and climato-
logical parameters (e.g., air temperature, humidity, and pre-
cipitation) were used as input data. Three different scenarios
were evaluated, and in general, the results obtained from all
these scenarios showed a high level of accuracy

In a study conducted by Lu et al. (2019) on a potable water
resource in the Taihu Region of China, the physicochemical
parameters and the heavy metal concentrations of the ground
water were measured. In the modelling carried out within the
scope of the study, artificial neural networks (ANN) and sup-
port vector machine (SVM) models were used. Sensitivity
analysis showed that simulated heavy metal concentrations
were most sensitive to pH. Both ANN and SVM quick simu-
lation models well simulated the particulate heavy metal con-
centrations with Nash-Sutcliffe efficiency coefficients > 0.8
most (Lu et al. 2019).

In a study conducted by Swietlicka et al. (2017) in Lublin
Province of Poland, the Ag, As, Ba, Ca, Cd, Co, Cr, Cu, Fe,
Hg, Mg, Mn, Ni, P, Pb, S, Sr, TOC (total organic carbon), V,
and Zn contents in the lake and river sediments were evaluat-
ed. Artificial neural networks were then examined with re-
spect to their ability to recognize and classify the data.
Multilayer perceptron was used as the statistical model.
Constructed models were able to give correct answers in
74% of cases, when classifying reservoir’s area usage and
100% for the type of water body.

In their study, Nhantumbo et al. (2018) used both of the
ANN and PPBM methods in order to predict the concentra-
tions of major ions (Na+, K+, Mg2+, Ca2+, HCO3−, SO42−,
Cl−, and NO3−) in the river water depending on pH,

Table 3 Performance of radial basis function network models

Inputs Number of hidden layer nodes Spread value Output Training Test

RMSE MAE R2 RMSE MAE R2

Temp., pH, EC, COD, BOD, SS 15 0.6 Cu 0.0008 0.0006 0.954 0.0013 0.0011 0.920

Temp., pH, EC, COD, BOD 15 1.9 Fe 0.0408 0.0326 0.837 0.1281 0.0962 0.892

Temp., pH, EC, COD, BOD, SS 16 1.7 Zn 0.0140 0.0112 0.956 0.0115 0.0105 0.989

Temp., pH, EC, COD, BOD, SS 9 0.6 Mn 0.0080 0.0067 0.764 0.0083 0.0077 0.831

Temp., pH, EC, COD 18 0.7 Ni 0.0008 0.0006 0.977 0.0049 0.0044 0.773

Temp., pH, EC, COD, BOD, SS 13 2 Pb 0.0006 0.0005 0.859 0.0008 0.0007 0.829

Table 2 Performance of multilayer perceptron models

Inputs Number of hidden
layer nodes

Transfer function
(hidden)

Output Transfer function
(output)

Training Test

RMSE MAE R2 RMSE MAE R2

Temp., pH, EC, COD,
BOD, SS

10 Logsig Cu Tansig 0.0000 0.0000 1.000 0.0015 0.0014 0.954

Temp., pH, EC, COD,
BOD

8 Logsig Fe Tansig 0.0000 0.0000 1.000 0.1316 0.1029 0.842

Temp., pH, EC, COD 3 Logsig Zn Tansig 0.0056 0.0042 0.993 0.0165 0.0143 0.966

Temp., pH, EC 5 Logsig Mn Logsig 0.0031 0.0015 0.965 0.0110 0.0100 0.770

Temp., pH, EC 5 Logsig Ni Logsig 0.0000 0.0000 1.000 0.0024 0.0018 0.941

Temp., EC, COD 5 Logsig pb Tansig 0.0000 0.0000 0.999 0.0008 0.0006 0.805
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alkalinity, and temperature, and they compared the two
methods. As a result of the study, they reported that the
ANN model provided better results than PPBM in most cases
(Nhantumbo et al. 2018).

In their study, Isiyaka et al. (2019) studied fourteen water
quality physicochemical parameters obtained from eight re-
gions in 8 years, and they aimed to develop the best input
combination for water quality modelling. They stated that

Table 4 Performance of adaptive neuro-fuzzy inference system models

Inputs MF type Number of MFs Training type Output Output type Training Test

RMSE MAE R2 RMSE MAE R2

Temp.pHECCODBODSS trimf 3 Hybrid Cu Constant 0.0000 0.0000 1.000 0.0020 0.0017 0.879
trimf 3

gaussmf 2

gaussmf 2

gaussmf 2

gaussmf 2

Temp.pHCOD trimf 2 ANN Fe Linear 0.0645 0.0538 0.597 0.0425 0.0342 0.813
trimf 3

gaussmf 3

Temp.pHECCODBODSS gauss2mf 2 Hybrid Zn Constant 0.0000 0.0000 1.000 0.0235 0.0204 0.896
gaussmf 2

gauss2mf 2

gauss2mf 2

gaussmf 3

gaussmf 2

Temp.pHECCODSS gaussmf 2 ANN Mn Constant 0.0048 0.0031 0.917 0.0115 0.0103 0.826
gbellmf 2

pimf 3

gaussmf 2

gauss2mf 2

Temp.pHCODBOD trapmf 2 Hybrid Ni Linear 0.0000 0.0000 1.000 0.0049 0.0044 0.807
pimf 2

pimf 2

gaussmf 3

Temp.pHECCODBODSS trimf 2 ANN Pb Constant 0.0004 0.0003 0.931 0.0007 0.0006 0.834
gaussmf 2

trimf 2

gaussmf 2

trimf 2

trimf 2

Fig. 6 Distribution of the
observed Cu values and the
predicted ones, using MLP, RBN,
and ANFIS models for test data
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the study results were very satisfactory, and suggested that
ANN should be used for monitoring water pollution (Isiyaka
et al. 2019).

Najah et al. (2014) represent that performance of the
ANFIS in experimenting and estimation of dissolved ox-
ygen concentrations. Seifi and Riahi-Madvar (2019) are
also studying ANFIS and ANN. They found that it

improved. Antanasijević et al. (2013) in Serbia are using
this modelling. Bansal and Ganesan (2019) are giving
water management with ANN for getting good results
for it. Ahamad et al. (2019), Venkatramanan et al.
(2017), and Heddam et al. (2019) made qualifying water
modelling with ANN. Above all of the studies show that
ANN is getting improved.

Fig. 7 a, b, and c The scatter plots of observed versus predicted Cu values in test data, using MLP, RBN, and ANFIS models, respectively

Fig. 8 Distribution of the
observed Fe values and the
predicted ones, using MLP, RBN,
and ANFIS models for test data
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Determination of sensitive input parameters in the esti-
mation of metals was found by testing the pH, temperature,
SS, EC, BOD, and COD values determined by river sur-
face water measurements by combining one, two, three,
four, five, and six together. Values that have a significant
effect on model performance were chosen as sensitive

parameters. Adding some parameters as input data did
not improve model performance nor had little effect. It
was determined that the parameters that did not increase
the model performance were not related to the amount of
heavy metal in the river. The error value between the mea-
sured and the results obtained from the model can remain

Fig. 9 a, b, and c The scatter plots of observed versus predicted Fe values in test data, using MLP, RBN, ANFIS models, respectively

Fig. 10 Distribution of the
observed Zn values and the
predicted ones, using MLP, RBN,
and ANFIS models for test data

42506 Environ Sci Pollut Res (2020) 27:42495–42512



constant or change slightly, by increasing the number of
input parameters. In this case, it is more appropriate not to
use these input parameters, since unnecessary density will
occur in the ANN network and the model will take longer
to result. The sensitive parameters determined in this study
are similar to the previous studies in the metal concentra-
tion estimation (Lu et al. 2019; Nhantumbo et al. 2018).

Conclusions

As was already established from previous literature and stud-
ies, monitoring the pollution level in water bodies is of para-
mount importance for the sustainable use of water resources.
However, measurements carried out directly require great
cost, time, and labor, whereas modelling offers an alternative

Fig. 11 a, b, and c The scatter plots of observed versus predicted Zn values in test data, using MLP, RBN, and ANFIS models, respectively

Fig. 12 Distribution of the
observed Mn values and the
predicted ones, using MLP, RBN,
and ANFIS models for test data
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solution to reduce the cost of water quality monitoring.
Generally, predictions are made based on limited sampling
information of the pollutant concentration. Through these
methods and predictions can be made with a very high level
of reliability and a low margin of error. Thus, it is possible to

save cost, time, and labor force significantly in monitoring
water pollution. However, in order to use these methods, first
the most suitable model for that region or resource should be
determined, preliminary studies should be carried out, and the
reliability level of the model should be identified.

Fig. 13 a, b, and c The scatter plots of observed versus predicted Mn values in test data, using MLP, RBN, and ANFIS models, respectively

Fig. 14 Distribution of the
observed Ni values and the
predicted ones, using MLP, RBN,
and ANFIS models for test data
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In this study, it was aimed to define the most suitable model
for monitoring the pollution parameters in the Bartin River,
and the most suitable model was identified as a result of the
study. Similar studies may be conducted for different water
resources (groundwater, lakes, rivers, etc.) in order to monitor
the pollution levels of these water bodies. However, it is

necessary to determine the most suitable model for each re-
gion and water resource by preliminary studies. In this way,
the models with the highest reliability levels can be identified
and used. For the good management of water resources, river
pollution should be well defined, monitored, and modelled. It
can be concluded that the employed procedure offers an easy-

Fig. 15 a, b, and c The scatter plots of observed versus predicted Ni values in test data, using MLP, RBN, and ANFIS models, respectively

Fig. 16 Distribution of the
observed Pb values and the
predicted ones, using MLP, RBN,
and ANFIS models for test data

42509Environ Sci Pollut Res (2020) 27:42495–42512



to-use and cost-effective alternative to forecast the presence of
heavy metals in the river.
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