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Methods: We investigated the most effective algorithm among
widely used processes to simulate and estimate nonlinear water
quality parameters. For this purpose, we constructed 42 models
combining artificial neural network topology (single or multilayer)
and training processes. The quality parameters’ data acquired at 107
wells throughout the aquifer of Qorveh-Dehgolan plain were used for
training (data from 1996 to 2013) and to test (data from 2014 to
2016) each model.
Findings: The results showed that artificial neural networks with a
hidden layer that benefits from the optimal number of neurons could
simulate the aquifer behavior with high accuracy and in less time.
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and the duration of the problem analysis. Finally, artificial neural
networks based on the Broyden-Fletcher-Goldfarb (BFG) method
had the highest efficiency in simulating aquifer behavior, although
the performance of the Levenberg Marquart (LM) method is very
close to BFG. BFG is more efficient than LM due to its lower Mean
Square Error and Standard Deviation (3.46 and 3.09, respectively).
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Extended Abstract

Introduction

The increase in water demand, the main
challenge of water resources, and the
insufficiency of surface water, especially in
arid and semi-arid regions (1), have led
humans to exploit groundwater resources
(2-4) such that, in recent years, excessive
harvesting of aquifers has caused
irreparable losses to these sources from a
quantitative and qualitative point of view (5-
7). Also, the release of industrial and
domestic wastewater without treatment on
the surface of watersheds has caused the
pollution of some surface water sources (5).
The infiltration of these polluted waters, as
well as the return of water from agricultural
fields, has led to the pollution of aquifers,
which increases the reduction rate of
available fresh water. Therefore, the
quantitative and qualitative monitoring of
water resources and their management is on
the agenda of researchers and managers (8-
11).

The Qorwah-Dehgolan aquifer, an essential
source of water supply for the Qorwah-
Dehgolan plain, located in the east of
Sanandaj (4), has suffered from drought in
recent decades in such a way that it has lost
its vegetation on a large scale (12). Drought
consequences, decreased precipitation, and
increased evaporation have significantly
reduced the groundwater level (13,14). The
drop in the water level of the Qorveh-
Dehgolan aquifer (15) has caused the
subsidence of the ground level (16).
Moreover, the increasing use of chemical
fertilizers due to the development of
agriculture has pushed the pollution of the
aquifer and the reduction of water quality
(17). Therefore, monitoring and managing
the aquifer in terms of quantity and quality
is an unavoidable necessity.

The artificial neural network method is one
of the most efficient data-based methods for
simulating complex nonlinear hydrological
systems (18,19,13,20) and managing water
resources  (21-24). Artificial neural
networks' response accuracy relies on
learning the relationship between input and
output data. Although many training
algorithms have been developed for artificial

neural networks, determining the algorithm
with the best convergence speed and
accuracy for a specific problem is an
essential challenge for researchers and users
of artificial neural network models (25,26).
In this study, the ability of six learning
processes of multilayer artificial neural
networks including Levenberg Marquart
(LM), Conjugate Gradient Fletcher-Reeves
(CFG), Broyden-Fletcher-Goldfarb (BFG),
Conjugate Gradient Fletcher-Reeves (CFG),
Scaled Conjugate Gradient (SCG), and
Bayesian Regularization (BR) are used to
simulate the behavior of the Qorveh-
Dehgolan plain aquifer and estimate the
nonlinear parameters of water quality,
dissolved magnesium (Mg) and calcium (Ca)
in water.

Materials and Methods

Artificial Neural Network (ANN) is an
interconnected set of simple processing
elements, units, or nodes whose function is
based on the process of nerve cells in the
human brain. The multilayer artificial neural
network is one of the most widely used
artificial neural networks. Every multilayer
artificial neural network has at least three
layers: input, intermediate, hidden, and
output. The input layer is responsible for
feeding the desired information to the
network. The hidden layers are responsible
for organizing the function of the neural
network. In general, the number of neurons
in the hidden layer depends on the
network's structure, the number of inputs
and outputs, the number of training data
sets, the amount of data error, the
complexity of the function, and the training
algorithm. The output layer provides the
result of the neural network performance
and desired parameters (27).

To conduct the research, information related
to eleven qualitative  groundwater
parameters in the area of Qorveh-Dehgolan
plain from 1975 to 1995 at 107
observational wells was collected; then, the
initial data related to qualitative parameters
were normalized. To  explore the
relationship between output and input
parameters, a multilayer artificial neural
network with one or more intermediate
layers was designed and trained with each of
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the LM, BFG, CGF, SCG, 0SS, and BR
algorithms (42 different modes in total).
Finally, the results obtained through
different models were compared, and the
superior  learning  processes  were
determined.

Findings

The results show that in two-layer artificial
networks, with the increase in the number of
cells in the middle layer, the correlation
coefficient between the responses of the
network and the observed values first
increases, and then this trend decreases.
That means an optimal number of neurons
exists in the middle layer for each structure.
Furthermore, it can be seen that the optimal
number of cells for calcium estimation in the
LM method is obtained based on the highest
correlation coefficient equal to 10 neurons.
It should be noted that by expressing this
structure with 15 cells in the middle layer.
However, the value of the correlation
coefficient reaches 0.95807 (more than 95%
matching) with a slight deficiency (0.0185),
but the standard deviation of the model
responses and the average error between
the observational data and the model's
responses also decrease. Therefore, the
optimal number of cells in the two-layer
model based on the LM training process can
be chosen equal to 15.

Similarly, the optimal number of neurons in
the two-layer model based on the BFG
training process was selected to be equal to
10, for SCG and OSS methods to equal 15, and
for CGF and BR methods to equal to 20. The
optimal number of neurons in magnesium
estimation structures is also almost equal to
the optimal models for calcium estimation.
Moreover, the two-layer artificial network
that uses the BFG and LM methods for
training is more effective than other
structures. Although all methods have a high
degree of correlation, networks based on
training by the BR algorithm have the lowest
efficiency.

The superiority of LM has also been proven
by Yilmaz et al. (28), Gopalakrishnan (26),
Adamowski and Karapataki (29), and
Akdagli and Kayabasi (30), but some
previous researches indicate the superiority
of BR over LM (31).

Discussion

In this study, the correlation coefficient
between the calculated and observed data in
the LM method is greater than the BFG
method. Still, the average error and standard
deviation values obtained from the BFG
method are lower than the similar values
received from the LM method. Therefore, to
determine the best algorithm, the changes in
the calculated calcium and magnesium
values from the two processes were
compared with their observed values. The
trend of changes in calcium and magnesium
shows that the two-layer network benefiting
from the BFG algorithm is more efficient
than the same network benefiting from the
LM method. Therefore, the two-layer
network trained with BFG was the most
efficient in estimating water quality
parameters.

To investigate the effect of the number of
middle layers on relationship estimation of
qualitative parameters, the number of
middle layers (up to four layers) was
gradually increased, a total of 42 different
models. The number of cells in the middle
layers was chosen according to the
minimum number of neurons in the middle
layer of the two-layer structure. Each
structure was trained using the six learning
methods, and the value of the statistics
measures was determined utilizing the test
period (three-year period) data.

The five-layer structures based on LM and
BFG training processes can learn the
relationship between input and output data
with fewer cells than other algorithms. Also,
with the increase in the number of
intermediate layers, while the value of the
correlation coefficient remains more than
95%, the standard deviation of the results
and the average error of the model
responses decrease, but due to the
significant increase in cells, the data
processing time compared to the structures
with a single hidden layer significantly
increase.

The correlation coefficient of the weakest
learning algorithm (BR process) is more
than 0.8, which indicates the excellent
performance of all optimal structures.
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Conclusion

A comparison of evaluation criteria shows
that all optimal networks perform well.
However, ANNs trained using BFG and LM
algorithms use fewer cells to estimate the
target parameters more accurately. At the
same time, they are more effective than
other compounds for simulating the
behavior of the groundwater of Qoruh-
Dehgolan. However, BFG has the most
remarkable ability to estimate the
qualitative parameters of the plain. On the
other hand, networks based on training by
the BR algorithm were the most inefficient
networks for simulating the amount of
magnesium and calcium.

Increasing the number of hidden layers
reduces the average error and standard
deviation of the network response and thus
improves the efficiency of the network.
Moreover, It expands the number of neurons
required to achieve maximum performance
but decreases the model's efficiency.
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T = target;

net = newff(p,T,10,{'tansig'},'trainim");

net.trainParam.time = inf

net.trainParam.epochs = 1000;

net.trainparam.goal = 0.0002;

net.trainParam.show = 25;

net.trainParam.mu = 0.001
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net = train(net,p,T)
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p = input;

T = target;

net = newff(p,T,10,{'tansig},'trainbr");
net.trainParam.time = inf
net.trainParam.epochs = 1000;
net.trainparam.goal = 0.0002;
net.trainParam.show = 25;
net.trainParam.mu = 0.001
net.trainParam.min_grad = le-7
net.trainParam.max_fail = 0O;
net = train(net,p,T)
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p = input;

T = target;

net = newff(p,T,10,{'tansig'},'trainscg’);
net.trainParam.time = inf
net.trainParam.epochs = 1000;
net.trainparam.goal = 0.0002;
net.trainParam.show = 25;
net.trainparam.Ir = 0.05;
net.trainParam.mu = 0.001
net.trainParam.min_grad = 1e-6
net.trainParam.max_fail = 6;
net = train(net,p,T)
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Clear
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p = input;

T = target;

net = newff(p,T,10,{'tansig'}, traincgf’);
net.trainParam.time = inf;
net.trainParam.epochs = 1000;
net.trainparam.goal = 0.0002;
net.trainParam.show = 25;
net.trainparam.lr = 0.05;
net.trainParam.mu = 0.001;
net.trainParam.min_grad = 1e-6;
net.trainParam.max_fail = 6;

net = train(net,p,T)
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Clear
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p = input;

T = target;

net = newff(p,T,10,{'tansig},'trainoss");
net.trainParam.time = inf;
net.trainParam.epochs = 1000;
net.trainparam.goal = 0.0002;
net.trainParam.show = 25;
net.trainparam.Ir = 0.05;
net.trainParam.mu = 0.001;
net.trainParam.min_grad = 1e-6;
net.trainParam.max_fail = 6;

net = train(net,p,T)

(BFG) Broyden-Fletcher- i,
Goldfarb
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Clc
p = input;
T = target;
net = newff(p,T,10,{'tansig'}, trainbfg");
net.trainParam.time = inf;
net.trainParam.epochs = 1000;
net.trainparam.goal = 0.0002;
net.trainParam.show = 25;
net.trainparam.Ir = 0.05;
net.trainParam.mu = 0.001;
net.trainParam.min_grad = 1e-6;
net.trainParam.max_fail = 6;

net = train(net,p,T)
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