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A B S T R AC T

All life forms on the earth contain water and water is crucial for any life form on the earth. Apart 
from being the essential ingredient if living organisms, water has numerous other uses and ben-
efi ts. Groundwaters form a circle of the natural hydrologic chain like surface waters and the other 
water in the atmosphere. Hydrologic, hydraulic and geologic processes play important roles dur-
ing underground water’s formation, storage, underground fl ow and coming up to the surface of 
the earth. In this study, groundwater hardness quality at Samsun Incesu-Derekoy region was 
modeled by the use of Artifi cial Neural Network (ANN) structure. In the data set arrangement 
effective input variables are the fi ve different water quality parameters (pH,  chlorine, calcium, 
magnesium and total hardness) concentrations in the time “t”, and the output variable (total 
hardness) is the concentrations in the time “t + 1”. For the model 10,000 epochs were performed 
and the learning rate is equal to 0.1, and correlation coeffi cient (r) that achieved in this study was 
found 0.591. As a result, we conclude that ANN is the effective modeling technique on estimation 
of environmental complex water quality problems.
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1. Introduction

Water is an inevitable component for all the creatures 
on earth. People meet their need for water from ground-
water which moves and accumulates in the pores of the 
masses within the earth’s crust along with the surface 
waters such as rivers and lakes. In spite of the abun-
dant natural waters existing on earth, obtaining water 
requires time and effort. The quality and the quantity 
of the water resources are affected by factors such as 
urbanization, expanding population and pollution seen 
in available water resources [1, 2]

Groundwaters form a circle of the natural hydro-
logic chain like surface waters and the other water in 

the atmosphere. The essence of groundwaters is the 
water circulating in various ways in nature. Hydrologic, 
hydraulic and geologic processes play important roles 
during groundwater formation, storage, underground 
fl ow and coming up to the surface of the earth [3].

The waters taking place in different depths of the 
crust of earth are connected with the masses of vari-
ous compositions. According to the dissolution levels 
of these masses, more or less dissolved substances fl ow 
into groundwater. The quantity of the dissolved sub-
stances alters according to the connection period of the 
masses with groundwater, the speed of the water, the 
temperature, the type of the mass, the pH and the pres-
sure of the environment [3]. Carbon dioxide which is a 
gas dissolved from the air by the water, inclines the acid-
ity of the water and plays an important role for the dis-
solution of the minerals in the soil by the water. Hence *Corresponding author.
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groundwaters involve more dissolved substances once it 
is compared with surface waters. The major mineral salts 
which are dissolved by water are calcium, magnesium, 
sodium, potassium and iron salts. These substances are 
generally dissolved up to a level that does not harm the 
drinkability of the water. Moreover the existence of these 
substances in the water in certain amounts makes posi-
tive contributions to the drinkability feature of the water. 
However if these substances exceed a certain amount, 
the usage areas of groundwater are restricted.

Statistical models are based on semi-empirical 
 statistical relations among available data and mea-
surements. They do not necessarily reveal any relation 
between cause and effect. They attempt to determine 
the underlying relationship between sets of input data 
(predictors) and targets (predictands) [4]. ANNs are well 
suited to environmental modeling as they are nonlinear 
[5], relatively insensitive to data noise, and perform rea-
sonably well when limited data are available [6]. When 
ANNs are used for the prediction of environmental 
variables, the modeling philosophy employed is similar 
to that used in the development of more conventional 
 statistical models.

In recent years, artifi cial neural networks (ANNs) 
have become a popular and useful tool for modeling 
environmental systems. For example, they have already 
been successfully used to simulate the export of nutrients 
from river basins [7], to forecast salinity [8] and ozone 
levels [9,10], to predict air pollution [11,12], the func-
tional characteristics of ecosystems [13], to model algal 
growth, and transport in rivers [14]. Over the last few 
years, recurrent networks (i.e., networks with feedback 
connections) have been proposed as an alternative to 
feed forward networks, particularly in time series appli-
cations [15,16,17]. They have the ability to model time 
structure implicitly with the aid of their feedback con-
nections, although problems with “remembering” longer 
term dependencies have been encountered [18,19,20].

2. Experimental details

2.1. Investigated area

Research area is situated between Incesu Creek and 
Derekoy in the provincial border of Samsun in Middle 
Black Sea Region, Turkey. The area is restricted with 
Incesu Creek in the east, Derekoy Channel in the west, 
Samsun-Sinop Highway (D010) in the south and Black 
Sea in the north (Fig. 1). The topography of the area is a 
seaside plain the altitude of which ranges from 0.5 to 1. 
Derekoy Stream and Incesu Creek are the important riv-
ers in the region. There are three important soil groups 
in research area: grey-brown podzolic soil, brown forest 
soil and colluvial soil [1].

Seawater input is expected due to the closeness of 
research area to the sea. It is an important area in terms 
of excessive taking for water use because there are septic 
tanks since there is no sewer; the ground is permeable 
and the area is used as countryside in summer.

2.2. Analytical procedure

While delivering the samples, the water was drained 
by making use of pumps until it was assured that the bot-
tom water that maintains water for those areas came up. 
The sample water was put into glass and pyrex bottles 
and they were covered in order to prevent connection 
with air. During the study period, pH, chlorine, calcium, 
magnesium and total hardness experiments were con-
ducted according to the Standard Methods [20].

2.3. Artifi cial neural networks

The neural models are basically based on the per-
ceived work of the human brain. The artifi cial model 
of the brain is known as Artifi cial Neural Network 
(ANN) or simply Neural Networks (NN). Rapid, effi -
cient propagation of electrical and chemical impulses is 
the distinctive characteristic of neurons and the nervous 
system in general. The neurons operate collectively and 
simultaneously on most for all data and inputs, which 
performs as summing and non-linear mapping junc-
tions. In some cases they can be considered as threshold 
units that fi re when total input exceeds certain bias level. 
Neurons usually operate in parallel and are confi gured 
in regular architectures. They are often organized in lay-
ers, and feedback connections both within the layer and 

Fig. 1. Investigated area.
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toward adjacent layers are allowed. Strength of each 
connection is expressed by a numerical value called a 
weight that can be updated. Also they are characterized 
by their time domain behavior, which is often referred as 
dynamics. In general, the neuron could be modeled as a 
non-linear activated function of which the total potential 
inputs into synaptic weights are applied. It is assumed 
that synapses can impose excitation or inhibition but not 
both on the receptive neuron. In present Artifi cial Neural 
Network (ANN) model, input (i), hidden (k) and output 
(1) neurons are used in model were shown in Fig. 2.

Where, (x1, x2, x3,  . . . , xi ) are input and y output param-
eters. In this model (w1(1,1),  . . . , w1(i,k)) and (w2 (1,1) ,  . . . , w2 (k,1)) 
are input and output weight coeffi cients, re spectively, 
which will be trained to fi nd an optimum solution.

The artifi cial model of neuron consists of three ele-
ments. These are; A set of synapses or connection links, 
each of which is characterized by a weight or strength of 
its own. Specially, a signal xj at the input of synapse j con-
nected to neuron k is multiplied by the synaptic weight 
wkj. Unlike a synapse in the brain, the synaptic weight of 
an artifi cial neuron may lie in a range that includes nega-
tive as well as positive values. An adder for summing 
the input signals, weighted by the respective synapses of 
the neuron. An activation function or transfer functions 
for limiting the amplitude of the output of a neuron.

In present model, neural network is trained and tested 
using MATLAB 7.0. A three-layer neural network that 
consists of an input layer, output layer and one hidden 
layer is used and structure of this network is presented in 
Fig 2. The monitoring data (pH, Ca+2, Cl-, Mg+2, total hard-
ness) belonging to study period, was designed to meet the 
requirements of training and testing the neural network. 
Groundwater samples have conducted for fi ve months. 
This database is divided into training and testing sets tak-
ing the odd numbered patterns as training data and even 
numbered ones as test data. Size of training and test matri-
ces are 55 × 5 and 54 × 5 respectively. In training and test-
ing set, y presents total hardness in Fig. 2. In simulations, 
various ANN models are tested changing the  number of 
neurons in the hidden layer between 2 and 30. All the data 

are normalized into the range {−1.0, 1.0}. This is carried 
out by determining the maximum and minimum values 
of each variable over the whole data period and calculat-
ing normalized variables using the equation 1.
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3. Results and discussion

In this study, groundwater hardness quality at Sam-
sun Incesu-Derekoy region was modeled by the use of 
Artifcial Neural Network (ANN) structure. In the data 
set arrangement effective input variables are the fi ve dif-
ferent water quality parameters (pH, chlorine, calcium, 
magnesium and total hardness) concentrations in the 
time “t”, and the output variable (total hardness) is the 
concentrations in the time “t + 1”. Matrix structure which 
used in ANN modeling was shown at Fig. 3.

As it is seen in Fig. 3, arranged input and output data 
sets were used in training and test phases. Active input 
variations are fi ve different water quality parameters in 
“t” period and output variation is hardness parameter 
in “t + 1” period. Training coeffi cient was chosen as (lr) 
0.1 in used model structure and algorithm was operated. 
Training algorithm learning rate and sum-squared error 
values were presented in Fig. 4 and training algorithm 
outputs were presented in Fig. 5.

The neuron number of hidden layer is an important 
factor where else the number cascade connected hidden 
layer is not so effective. In our study, we have compared 
various input, hidden and output layers and for our 
problem. We have altered number of neurons for hid-
den layer and the best-suited model for ANN is found as
(6,12,1) corresponding number of neurons in input, 
hidden and output layers respectively. For the model 
10,000 epochs were performed and the learning rate 
is equal to 0.1. After the training phase of the model, 
coeffi cients were calculated and test phase was started. 
Model estimations acquired from test data set were 
given in Fig. 6.

Evaluation can also be undertaken by considering 
measures of agreement, such as the Pearson product 
moment correlation coeffi cient (r) values. The index of 
agreement, bounded, relative measure that is capable 
to measure the degree of which predictions are error-
free. The denominator accounts for the model’s devia-
tion from the mean of the observations as well as to 
the observations deviation from their mean. In a good 
model, r should approach to 1. Correlation coeffi cient (r) 
that achieved in this study was found 0.591 (Fig. 7).

Correlations between model variables and hardness 
were calculated and results were given in Table 1. These 
correlation values indicate that how to model  input 
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Fig. 2. Structure of the three layers ANN.
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P=[ Hardness (t1) Hardness (t2) Hardness (t3) . . Hardness (t54)

Cl(t1) Cl(t2) Cl(t3) . . Cl(t54)

Ca(t1) Ca(t2) Ca(t3) . . Ca(t54)

Mg(t1) Mg(t2) Mg(t3) . . Mg(t54)
pH(t1) pH(t2) pH(t3) . . pH(t54)]

T=[ Hardness(t1+1) Hardness(t2+1) Hardness (t3+1) . . Hardness (t54+1) ]

Fig. 3. Input (P) and output (T) structure of ANN matrix.
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acquired from the examined groundwater and used in 
the model during the study have been analyzed; it is 
seen that pH value ranges from 6.81 to 7.83. The chlorine 
values acquired in this study are between 29.78 mg/L 
and 58.93 mg/L. Also it is seen that calcium values are 
between 86 mg/L and 131.6 mg/L. While the magne-
sium values vary between 21.30 and 43.68 mg/L, the 
total hardness of the samples is calculated between 32.90 
and 49.10 FS°. It is known that in groundwaters the val-
ues such as calcium, magnesium and chloride increase 
after rain. The acidic feature of the rain in research area 
facilitates the dissolution of the minerals in soil and 
enhances the alteration of these values in time.

During the modeling phase of the study, the hard-
ness of groundwater was estimated via ANN modeling 
technique and the results were compared with the real 
values statistically (Fig. 7). The correlation coeffi cient 
between ANN model estimations and observed values 
is r = 0.591. Once the Figs. 5, 6 and 7 are analyzed, it is 
seen that ANN modeling technique can be used to deter-
mine the quality of the groundwater effectively.

The proposed ANN model can be used to predict 
other groundwater quality parameters almost without 
further adaptation. It also can be implemented in the 
form of water quality forecast models to provide pre-
dictions of pollutant trends within different time series, 
e.g., 1 week, 1 month, or even 1 year in advance, etc. 
One of the advantages of the artifi cial neural network 
(ANN) lies in the fact that the deterministic model needs 

 parameters affect on model results. As seen that in Table 1, 
inputs which correlations lower than the others can be 
eleminated and varius model structure for different condi-
tions can be tested. As it is shown in Table 1 the highest 
correlation is between hardness and calcium.

4. Conclusion

In this study, various quality parameters of the 
groundwaters in Cakırlar, Yakamoz and Incesu Regions 
taking place in the seaside plain in the west of Sam-
sun City were examined and the results were mod-
eled via ANN modeling technique. Once the data sets 
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Fig. 6. Outputs for ANN model structure.

Table 1
Correlations between model parameters and hardness.  

Hardness Cl Ca Mg pH

Hardness 1 0.336 0.670 0.170 0.294
Cl 0.336 1 0.217 0.237 0.056
Ca 0.670 0.217 1 0.052 0.220
Mg 0.170 0.237 0.052 1 0.272
pH 0.294 0.056 0.220 0.272 1
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Fig. 7. Scatter plots of observed hardness concentration against 
predictions for Artifi cial Neural Network (ANN) model.
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a lot of information, whereas the neural network acts 
like a black-box model [21]. The drawback of the neural 
approach is that no deep understanding on the physi-
cal phenomena is gained by using a neural network, 
since it resembles the behavior of a black-box method. 
Moreover, the ANN, once trained, is fast at predicting 
the desired values. The last and the most convincing 
advantage is that the accuracy of the neural prediction is 
generally higher than the other kind of models. Another 
advantage is that the ANN network may also be applied 
to other investigated areas. More studies are needed 
to apply the developed system to other groundwater 
quality monitoring areas and to assess the changing of 
groundwater quality predictions due to inherent errors 
in the measured database.
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