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Extended Abstract

Introduction

Groundwater resources are susceptible to both climate changes through (A) direct interaction with surface water
sources such as rivers and lakes, and (B) indirect interaction via the recharge process. Climate change indirectly
affects the discharge and storage of groundwater by changing the recharge conditions induced by rainfall and
runoff; therefore, identifying and analyzing effective parameters such as climatic parameters can greatly help
predict serious hazards threatening groundwater resources, such as subsidence and drought. Moreover, considering
that the relationship between climatic parameters and groundwater resources is complex and non-linear, the
application of artificial intelligence models, including modern hybrid models, is a good solution for solving these
problems. Given the non-parametric nature of these models, they are independent of the concept of prediction and
the relationship between input variables and output data. As one of the classic features of artificial intelligence
models, they are capable of performing stochastic analysis of dynamics, patterns, and features associated with
input variables used to simulate groundwater variables. Therefore, they are more feasible than other conceptual
and statistical methods (such as experimental approaches and physics-based models). In general, Al-based models
have many local applications. Therefore, these models have great potential for various applications, including
hydrological and hydrogeological phenomena. In general, according to research findings, it is necessary to provide
a solution and make proper forecasts of groundwater resources to prevent subsidence and drought phenomena
around the world and in Iran. Therefore, in Iran, the Khorramabad Plain located in Lorestan province, which is
very important in terms of drinking water supply and whose products feed on groundwater for growth and
development, has been subjected to illegal extraction and the digging of illegal wells. The level of groundwater
resources has declined sharply in recent years. Therefore, groundwater level changes are more than necessary for
forecasting and management measures to improve them. Therefore, the objective of this study is to analyze and
predict climatic parameters using groundwater level forecasting in the Khorramabad Plain, using an integrated
support vector regression model with the help of wavelet transform (WT) and modern optimization algorithms
such as the bat algorithm and the Grey Wolf Optimizer algorithm. The primary variable representing climatic
influence is the groundwater level and abstraction from the aquifer.

Materials and Methods

In this study, an artificial neural network (ANN) approach was used to predict the surface water level, assuming
that the amount of groundwater abstraction from the Khorramabad plain was consistent with that in the previous
statistical period. Since the ANN model is subject to errors, according to recent findings, the strategy of optimizing
the adjustment parameters using meta-heuristic algorithms was adopted to reduce the model error. In recent years,
several studies have investigated the ANN hybrid model using meta-heuristic algorithms; however, this study used
new algorithms that have not been studied in hydrologic or hydrogeologic processes to reduce the problems and
challenges associated with this model and introduced a new algorithm to facilitate the simulation process. In
addition, future groundwater levels can be predicted using dependent parameters, and their decline can be
prevented, thus avoiding irreparable damage to Iran's groundwater resources. Given that this is one of the most
fundamental problems in Iran's water issues, this study employs novel optimization techniques, including Black
Widow Spider Algorithm. To facilitate the groundwater level simulation, new meta-heuristic algorithms were
integrated with Wavelet-based Artificial Neural Network (WANN) support vector wave regression models, which
have acceptable performance according to several studies, were used. This approach can ensure taking an effective
step in simulating and predicting groundwater levels. Based on the structure of the SVR, the most basic step is to
determine the tuning parameters. The coefficients of these parameters are usually determined through trial and
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error in ANN. Many factors affect the viability of trial and error and the accuracy of model predictions. Given the
nature of trial and error, predictive power may be generally reduced. Numerous solutions have been proposed by
various researchers to address this fundamental weakness. One of these solutions adopted by researchers is to
calculate the coefficients of parameter adjustment and optimize these coefficients by using meta-heuristic
algorithms. Many decision-making problems can be expressed as finite optimization problems that have several
decision variables that are constrained by a few constraints. Hybrid optimization problems are usually easily
articulated but are difficult to solve. Two sets of algorithms for solving hybrid problems include exact and
approximate algorithms. Accurate algorithms guarantee finding the best solution, but the problem is that these
algorithms are not applicable to difficult problems, and the time to find solutions to difficult problems will increase
exponentially. For most difficult problems, the exact algorithm is unsatisfactory. If the optimal answer is not
achievable by using the exact algorithm in practice, we turn to the approximate algorithm.

Results and Discussion

In this study, using climate change modeling, meteorological parameters (temperature and precipitation) for the
years 2002-2022 were predicted. Then, by using advanced hybrid models such as WSVR, Bat-ANN, and GWO-
ANN, the groundwater level decline in Khorramabad Plain located in Iran was predicted with the help of rainfall,
temperature, and extraction parameters associated with the four piezometric aquifers (Sarab Pardeh, Sali, Pol Baba,
and Naservand).

Conclusion

According to the statistical periods of 2002-2022, WSVR, Bat-ANN, and GWO-ANN hybrid models in the
combined structure including all input parameters had better performance due to higher learning capacity, and the
WSVR model was more accurate with less error due to the separation of signals into two categories of high-pass
and low-pass in the WT wavelet transform.
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Figure 3- Overview of a three-layer artificial neural network
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Table 6 - Evaluation of the performance of the models to simulate the investigated piezometer wells
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Figure 7- Scatter plot of observed and calculated values of artificial neural network-wavelet model in the investigated piezometers
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Figure 8 - Box plot diagram of the examined models
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Figure 9 - Taylor's diagram of validation of the hybrid models
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