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Survey of Groundwater Level Fluctuations by Soft Computing
Techniques (Case Study: Urmia and Miandoab Plains)
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Abstract

The study of behavior of water level fluctuations is important for water balance due to the
unbalanced distribution in the hydrological cycle. In present study, the groundwater level
fluctuations of Urmia and Miandoab plains in two models SVM and Wavelet from the group of
soft calculations have been investigated. For this purpose, information about the period years of
1381-1386 for both plains of Urmia and Miandoab by considering four scenarios of
groundwater level -groundwater level with a delay of one month, groundwater level -
groundwater level with a delay of two months, Groundwater level -precipitation and
groundwater level -temperature. The simulation results were compared and the best model was
introduced. The results of regression analysis showed that R?=0.9 and MSE=0.4 belong to the
second piezometer well of Urmia plain and the third piezometer well of Miandoab plain in both
SVM and Wavelet models for 3 scenarios of groundwater level -groundwater level with a delay
of one month, Groundwater level was precipitation and groundwater level was temperature.
Data on climatic variables of temperature, precipitation and groundwater level with a delay of
one month as an independent variable and groundwater level data as a dependent variable
formed the mentioned scenarios with 80% of educational data and 20% of test data. The results
showed that the climatic variable of precipitation has a significant effect on groundwater level
fluctuations. In general, the prediction results of Wavelet model were better than SVM model in
investigating groundwater level fluctuations in Urmia and Miandoab plains. In the present
study, an independent study of the mentioned models in order to simulate groundwater level
fluctuations and compare each of the two models in their application.
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present research, the groundwater level fluctuations of Urmia and
Miandoab plains in two models SVM and Wavelet from the group of soft
calculations have been investigated. For this purpose, information about
the period years of 1381-1386 for both plains of Urmia and Miandoab by
considering four scenarios of groundwater level -groundwater level with a
delay of one month, groundwater level -groundwater level with a delay of
two months, Groundwater level -precipitation and groundwater level -
temperature. The simulation results were compared and the best model was
introduced. The results of regression analysis showed that R?=0.9 and
MSE=0.4 belong to the second piezometer well of Urmia plain and the
third piezometer well of Miandoab plain in both SVM and Wavelet models
for 3 scenarios of groundwater level -groundwater level with a delay of
one month, Groundwater level was precipitation and groundwater level
was temperature. Data on climatic variables of temperature, precipitation
and groundwater level with a delay of one month as an independent
variable and groundwater level data as a dependent variable formed the
mentioned scenarios with 80% of educational data and 20% of test data.
The results showed that the climatic variable of precipitation has a
significant effect on groundwater level fluctuations. In general, the
prediction results of Wavelet model were better than SVM model in
investigating groundwater level fluctuations in Urmia and Miandoab
plains. In the present research, an independent study of the mentioned
models in order to simulate groundwater level fluctuations and compare
each of the two models in their application.
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1.  Introduction

Soft computing is a beneficial tool while compel observance of water resources management.
Groundwater level is such an important and needful scientific debate which is aimed at improving the
present related conditions in all societies. As it is apparent, the Groundwater Level Fluctuation (GLF)
is necessary to rectify and by using the meteorological and hydrological data will give the chance to
cope with. Whilst the data is in hands, in order to simulate the GLF, the initial stride is done and have
to be modeled. In this regard, Supported Vector Machine (SVM), Wavelet and MARS are applied and
compared to opt the much better method in this paper. Accurate groundwater level forecasting models
entails considerable discussion. Daliakopoulos et al (2005) wanted to provide such a vigorous tool of
modeling and forecasting groundwater resources fluctuation. They studied Messara Valley in Greece
and applied seven different neural network training algorithms which the results show both standard
feedforward neural network and Levenberg—Marquardt algorithm performed the best prediction.
Affandi and Watanabe (2007) have investigated forecasting the daily groundwater fluctuation level
from two observation wells in Saitama City, Japan. The predictions were conducted by ANFIS and
ANN then compared with Levenberg-Marquardt algorithms (LM) and radial basis function (RBF).
Mohanty et al. (2010) studied groundwater resources behavior in a river island of tropical humid
region, eastern India. Three different algorithms of ANN model were carried out to predict one week
ahead GWL over the case study area. Adamowski and Chan (2011) at two sites in the Chateauguay
watershed in Quebec, Canada investigated monthly groundwater level forecasting by coupling
Wavelet-neural network models and comparing regular Artificial Neural Network models also
Autoregressive Integrated Moving Average (ARIMA). Obuobie et al. (2012) at the White Volta River
basin of Ghana applied the water table fluctuation method where recharge to groundwater represented
2.5% to 16.5% of the mean annual rainfall variation. Shiri et al. (2013) investigated multiple soft
computing technigues compose of Gene Expressing Programming (GEP), (Artificial Neural Network)
ANN, (Adaptive Neuro-Fuzzy Inference System) ANFIS and Support Vector Machine (SVM) for 7
days ahead groundwater level fluctuations which also rainfall and evapotranspiration data applied
through Hongcheon Well station (South Korea) as a case study. The results showed that GEP is
superior to the other mentioned techniques. Shiri et al. (2013) investigated multiple soft computing
techniques compose of Gene Expressing Programming (GEP), (Artificial Neural Network) ANN,
(Adaptive Neuro-Fuzzy Inference System) ANFIS and Support Vector Machine (SVM) for 7 days
ahead groundwater level fluctuations which also rainfall and evapotranspiration data applied through
Hongcheon Well station (South Korea) as a case study. The results showed that GEP is superior to the
other mentioned techniques.

Although data approachability is a confined factor through simulating by the case study, however, the

centralization of data will assist the modeling. Input variables are such as groundwater level,
precipitation and temperature for the considered models in the research. Thus, as more as data be
used, then, the accuracy and comparing results would be more prolific.

2. Materials and Methods

In this research, groundwater level fluctuations in Urmia and Miandoab plains were investigated in
order to compare and select better calibration methods to simulate future conditions and prevent
estimated damages. Urmia and Miandoab plains are considered as sub-basins of Urmia Lake. Due to
the heterogeneity of aquifers, the extent of piezometers and to avoid modeling time, three piezometric
wells in each of the plains of Urmia and Miandoab were studied to apply the desired scenarios, data
Inputs for modeling in MATLAB software environment using SVM support vector machine and
Wavelet neural network. As can be seen in Figure 1, three piezometric wells from the Urmia plain
with solid circles and three piezometric wells from the Miandoab plain with solid triangles are shown.
Figure 1 shows the geographical location of the study area, including the plains of Urmia and
Miandoab and their piezometric wells. Among the observable piezometric wells of the plains, three
piezometric wells of Urmia plain with water level of 1320.37, 1295.60 and 1293.63 and three
piezometric wells of Miandoab plain with water level of 1313.12, 1326.73 and 1305.21 Due to the
overlap of the region were selected to use the parameters of groundwater level, rainfall and
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temperature, groundwater level fluctuations to be investigated. In this study, 4 scenarios in both
Urmia and Miandoab plains include: Groundwater level -groundwater level with one month delay,
groundwater level -groundwater level with two months delay, groundwater level -temperature and
groundwater level -precipitation in was considered.

3. Results
Innovation and purpose of the present research is to investigate groundwater level fluctuations in

Urmia and Miandoab plains in two different models of soft computing by analyzing artificial
intelligence SVM and Wavelet neural network and also comparing their results with each other to
evaluate the better performance of these models. To observe the homogeneity of groundwater level
information in the plains, three piezometric wells were selected from among all piezometers in the
area due to the overlap and provision of verified data, which is 80% of the data for training and 20%
were used for the test. The second piezometric well of Urmia plain with a level of 1295.60 meters and
the third piezometric well of Miandoab plain with a level of 1305.21 meters were selected. The
criterion for selecting the best model was also by regression analysis and determining the values of
MSE and R2 errors, because by a regression relationship with the known values of independent
variables, the value of the dependent variable can be estimated. In both plains, the best output of the
Wavelet model compared to the SVM model was due to the higher accuracy of R2 value, so in most
cases the output data of Wavelet model is used as input in other Al models. In general, both models
have provided acceptable results for the Urmia plain. Also, groundwater level scenarios with a delay
of one month and groundwater-precipitation level have a higher impact on the study of groundwater
level in Urmia and Miandoab plains.

4.  Discussion and Conclusion
In this research work, groundwater level fluctuations in Urmia and Miandoab plains were investigated

in order to compare and select the best soft calculation method to simulate future conditions and
prevent estimated losses. The goal is to achieve a small result for prevention before a sharp drop in
groundwater level occurs. As mentioned earlier, for the homogeneity of data from the piezometric
wells in the plains of Urmia and Miandoab, only three wells from each plain that provided the
necessary overlap in the region as Input data selected. Thus, groundwater level-temperature-
precipitation data were used as influential factors in the scenarios in total for 6 piezometric wells in
Urmia and Miandoab plains as inputs in modeling.

The purpose of selecting time delays in predicting groundwater level fluctuations of piezometric wells
was to compare the effect of temperature and precipitation independent variables on groundwater
level changes and to compare SVM and Wavelet models with each other, for example, related data.
The second selected piezometer of Urmia plain was divided into two parts including 80% of training
data and 20% of test data. Also, the delays have been only for two months to reduce the volume of
results and the main maneuver is on the variables of groundwater level -temperature -precipitation in
6 piezometric wells in the plains of Urmia and Miandoab. According to the results of the models, the
one-month delay has had acceptable results in the scenarios. By examining the errors and regression
analysis, the second piezometric well of Urmia plain as the most suitable and the third piezometric
well of Miandoab plain in SVM model had better results. In the results of groundwater level with a
delay of two months, R2 had an unacceptable value, so it could not be used in research. After the 4
above mentioned scenarios, the groundwater level-groundwater level scenario was removed with a
delay of two months.
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