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Objective: In this study, two advanced machine learning methods, namely support vector
machine (SVR) and extreme learning machine (ELM), are investigated for the
groundwater level simulation.

Method: The SVR model performs well due to its ability to simulate complex and
nonlinear relationships and the use of kernel functions for accurate prediction. The ELM
model, with its high computational speed and structural simplicity, is suitable for
processing large and complex data. In this study, 10-year data including groundwater
level, precipitation, evaporation and temperature with monthly time steps were used to
develop these models. All variables were normalized to the range of 0 to 1 to prevent bias
in the models And RMSE, NSE and R? indices were used to evaluate the performance of
the models.

Results: The results showed that the ELM model with polynomial activation function
provided the best performance in both training and testing stages (Training:
RMSE=0.1747, NSE=0.9045, R?=0.9097), (Test: RMSE=0.1675, NSE=0.9048,
R?=0.9098). In contrast, the SVR model with the multi-attack kernel function showed the
best accuracy in both stages (Training: RMSE=0.2246, NSE=0.8740, R?=0.9038), (Test:
RMSE=0.2218, NSE=0.8758, R=0.9048).

Conclusions: The findings of this study indicate that the ELM model can be used as an
effective tool in groundwater resources management. On the other hand, the poor
performance of the SVR model with the linear kernel indicates its inefficiency in
modeling nonlinear relationships in data from arid and semi-arid regions.
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Introduction

Groundwater level modeling in arid and semi-arid regions, such as the Bahar Plain, plays a crucial role
in sustainable water resources management. Decreasing precipitation and increasing water demand in
these regions have led to significant declines in groundwater levels, which have adverse effects on
agriculture, drinking water supply, and natural ecosystems. In order to plan and manage water resources
optimally, it is essential to use accurate and efficient forecasting models to analyze groundwater level
variations

Method
MODFLOW numerical model

In this study, two advanced machine learning methods, namely support vector machine
(SVR) and extreme learning machine (ELM), are investigated for the groundwater level
simulation. The SVR model is effective in forecasting problems such as groundwater level
changes due to its high ability to identify complex and nonlinear relationships between data.
This model is able to discover hidden patterns in the data and provide accurate predictions by
using the kernel functions. On the other hand, the ELM model is a suitable tool for processing
large and complex data due to its high computational speed and structural simplicity. This
model uses single-layer neural networks and is able to perform learning in a short time. One
of the main challenges in using these models is the precise adjustment of parameters, which
has a direct impact on their accuracy and efficiency. In this study, 10-year data including
groundwater level, precipitation, evaporation, and temperature with a monthly time step are
used to develop these models. All variables are normalized to a range of 0 to 1 to prevent bias
in the models, and RMSE, NSE, and R? indices are used to evaluate the performance of the
models.

Bahar Plain is located in the northwest of Hamedan Province, near the city of Bahar, and is
considered one of the most important agricultural plains in this region. This vast plain plays a
significant role in supplying the province's agricultural products due to its fertile soils and
groundwater resources. The groundwater of this plain is considered the main source of water
for agriculture, drinking water, and local industries, and this feature determines its high
importance in the economic development and food security of the region. However, in recent
years, due to excessive groundwater extraction, the water level of this plain has dropped
sharply, causing problems such as reduced well yields and land subsidence. This plain is
located in a semi-arid region with an average annual precipitation of between 300 and 350
mm, which occurs mainly in the form of winter and spring rainfall. This amount of
precipitation is not enough to provide surface water and recharge the groundwater aquifers of
this plain, and due to climate change and the decrease in precipitation in recent years, the
amount of inflow to groundwater resources has decreased significantly. This decrease has
turned the Hamedan Bahar Plain into a water crisis area, and this has increased the need for
water resource management, especially in the agricultural sector, and its optimal use.

Results

The results indicate that the ELM model with polynomial activation function provided the
best performance in both training and testing stages. In contrast, the SVR model with linear
kernel shows the lowest accuracy in both stages. The findings of this study indicate that the
ELM model with polynomial activation function, due to its high ability in fast learning and
processing complex data, has a significant performance in simulating groundwater level
changes and can be used as an effective tool in groundwater resources management. On the
other hand, the poor performance of the SVR model with linear kernel indicates its inefficiency
in modeling nonlinear relationships in data from arid and semi-arid regions.
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Conclusions

This research showed the importance of the selection of an appropriate model and optimal
adjustment of parameters in improving the accuracy of predictions and help managers make
decisions for sustainable operation of groundwater resources. In addition, the findings of this
study proved that the selection of a suitable machine learning and its parameters for predicting
the groundwater level in complex hydrological mediums is very important.
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