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Accepted:2024/10/05  The deficiency of surface water in arid and semi-arid territories has exacerbated the
dependence on groundwater resources, resulting in considerable reductions in groundwater
levels. This phenomenon has been particularly pronounced in numerous plains throughout
Iran, where the diminution has exacerbated issues related to land subsidence. A
comprehensive understanding of groundwater level variations is imperative for enhancing
water management strategies and alleviating the associated hazards. A range of statistical,
mathematical, and machine-learning methodologies have been utilized to model the dynamics
of groundwater aquifers. Recently, deep neural network algorithms have gained prominence
in the investigation of surface and groundwater resources, particularly in light of the
spatiotemporal characteristics inherent to groundwater.

In the present investigation, a hybrid spatiotemporal data mining framework, denoted as
Wavelet-PCA, was employed to analyze data acquired from 44 piezometric wells situated in
the Qahavand plain over a span of three decades (1988-2018) for the purpose of elucidating
temporal and spatial patterns associated with fluctuations in groundwater levels.
Subsequently, a sophisticated deep recurrent neural network architecture incorporating Long
Short-Term Memory (LSTM) was implemented to model the time series data resulting from
the data mining procedure. Various degrees of wavelet transformation were applied to
effectively capture the intricate trends in groundwater levels. The LSTM model exhibited a
coefficient of determination (R?) of 0.85 for the training dataset while achieving an R? of 0.62
for the testing dataset.

The research additionally examined regional patterns of land subsidence utilizing radar
interferometry data obtained from the Sentinel-1 satellite during the period from 2014 to
2019. The results revealed an average maximum subsidence measurement of 9 centimeters,
with the most pronounced subsidence noted in regions that are undergoing the most
substantial declines in groundwater levels. This observed relationship between groundwater
depletion and land subsidence underscores the necessity for judicious land use planning and
the implementation of effective water resource management strategies in analogous regions.
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_ Analysis and Modeling of Groundwater Variability in the Qahavand Plain

Extended Abstract

Introduction

he phenomenon of groundwater over-extraction constitutes an escalating issue in
numerous arid regions, with particular emphasis on the Qahavand Plain of Iran, where the
excessive abstraction for agricultural purposes has resulted in marked groundwater
depletion and land subsidence. These challenges jeopardize the sustainability of water
resources and agricultural viability, thereby posing substantial threats to both ecological
integrity and economic stability. The objective of this research is to establish a
comprehensive analytical framework to evaluate and forecast groundwater dynamics,
employing a synergistic approach that incorporates advanced methodologies: Wavelet
Transform, Principal Component Analysis (PCA), and Long Short-Term Memory
(LSTM) neural networks. Through the integration of these techniques, the study aspires
to yield critical insights that will facilitate sustainable water resource management in the
Qahavand Plain, alongside other regions encountering analogous difficulties.

Data and Method

This research employs groundwater level data amassed over a protracted duration from
wells situated in the Qahavand Plain. In order to process and scrutinize this data, a variety
of sophisticated methodologies were utilized:

The Wavelet Transform was employed as a preprocessing mechanism to decompose
groundwater level datasets into various frequency constituents. This methodology is
advantageous for time-series data analysis, as it effectively distinguishes transient
variations from enduring trends, thereby facilitating the recognition of significant patterns
over temporal intervals. By mitigating high-frequency noise, this approach enhanced the
ability to concentrate on the protracted trends of groundwater depletion, which are
imperative for effective sustainable water resource management.

Subsequent to the decomposition of the data utilizing Wavelet Transform, Principal
Component Analysis (PCA) was implemented to streamline the spatial data. PCA serves
to diminish the intricacy of extensive datasets by converting them into a more compact
collection of uncorrelated variables (principal components), which encapsulate the
maximum variance within the data. This procedural phase facilitated the discernment of
predominant spatial patterns associated with groundwater depletion throughout the
Qahavand Plain, thereby elucidating the areas most adversely impacted by excessive
extraction.

To forecast prospective groundwater levels, the investigation utilized Long Short-Term
Memory (LSTM) neural networks, a specific category of recurrent neural networks
(RNN) meticulously crafted for time-series prediction. LSTMs possess the capability to
encapsulate both short-term and long-term dependencies, thereby rendering them
particularly adept at forecasting groundwater trends utilizing historical data. The LSTM
models underwent training on datasets that were processed via Wavelet Transform and
Principal Component Analysis (PCA), facilitating both short-term and long-term
predictive capabilities. This model of prediction is critical for the formulation of
anticipatory water management strategies.

In addition to the examination of groundwater levels, the research also delved into the
phenomenon of land subsidence within the Qahavand Plain through the utilization of
Interferometric Synthetic Aperture Radar (INSAR) data. INSAR represents an advanced
remote sensing methodology that quantifies terrestrial deformation with remarkable
accuracy, thereby rendering it a potent instrument for monitoring subsidence resulting
from the over-extraction of groundwater resources. Through the comparative analysis of
INSAR data and groundwater levels, the investigation discerned regions where
pronounced subsidence was intimately associated with elevated rates of groundwater
depletion.
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Result & Discussion

The integration of Wavelet Transform, PCA, and LSTM neural networks yielded valuable
insights into groundwater dynamics in the Qahavand Plain.

Wavelet Transform effectively decomposed groundwater data, eliminating noise and
facilitating the identification of long-term trends. Increased decomposition levels emphasized
more substantial patterns of groundwater depletion. This method served as a crucial
preprocessing step for illustrating the overall decline in groundwater levels, essential for
comprehending the extent of over-extraction in the region.

PCA indicated that the initial two principal components explained the majority of variance in
groundwater data, suggesting uniform depletion patterns. The first component represented
general groundwater loss, while the second revealed specific variations linked to high
agricultural intensity. As data uniformity increased with higher wavelet decomposition, key
variations were predominantly represented by one principal component, showcasing PCA's
efficacy in detecting significant spatial trends.

The LSTM models excelled in short-term groundwater level prediction, especially for the first
principal component indicating significant variance. Nonetheless, they encountered difficulties
with long-term forecasting, particularly at elevated wavelet decomposition levels. This
indicates that while LSTM is proficient in short-term predictions, enhancing long-term
forecasting necessitates additional refinements and the incorporation of factors like climate
data, land use, and human activities. Enhancing the model's capacity for long-term
groundwater trend prediction is essential for the development of effective water management
strategies.

The InSAR data indicated a significant link between groundwater extraction and land
subsidence. Areas experiencing the most groundwater depletion exhibited pronounced
subsidence, especially in agricultural zones. Field surveys validated that over-extraction for
irrigation primarily drives subsidence in the Qahavand Plain, highlighting the critical necessity
for sustainable groundwater management to avert additional land degradation and safeguard
agricultural output.

Conclusion

This research illustrates the efficacy of combining Wavelet Transform, PCA, and LSTM
neural networks for groundwater dynamics analysis in the Qahavand Plain. This
methodological integration facilitates the discernment of significant temporal and spatial
patterns, noise reduction in intricate datasets, and precise short-term groundwater level
forecasts. Nonetheless, the difficulties faced in long-term predictions underscore the
necessity for model enhancements, including the incorporation of climate change data,
land use trends, and anthropogenic factors to improve predictive accuracy.

The research highlights the significant correlation between groundwater withdrawal and
land subsidence, as evidenced by InSAR analysis. These results illustrate the necessity of
adopting sustainable groundwater management strategies to avert additional ecological
harm, preserve agricultural land's sustainability, and reconcile water resource demands
with conservation initiatives.

In summation, this investigation presents an extensive framework for tackling the issues
of groundwater depletion and land subsidence in arid territories. The methodologies
formulated in this research can be utilized in other areas encountering analogous
challenges, providing essential instruments for policymakers and water resource
administrators to render informed judgments regarding groundwater preservation and
sustainable agricultural methodologies.
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for the Qahavand Plain Data
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Figure 9. First Two Components at Level Two
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Figure 13.1, 2, 3, and 4 Represent the Average Groundwater Level Decline at Levels 2, 4, 6, and 8 from the
Wavelet Transform, While Figure 5 Shows the Average Groundwater Level Decline of the First Four Maps
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Figure 14. Time Series Window for Forecasting Future Trends
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Figure 15. Output of the LSTM Algorithm Modeling for the First Two PCA Components at Level Two (The Blue

Curve Represents Actual Data, the Orange Section Represents Training Data and the Green Section Represents
Model Evaluation)
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Figure 16. Output of the LSTM Algorithm Modeling for the First Two PCA Components at Level Four (The Blue

Curve Represents Actual Data, the Orange Section Represents Training Data and the Green Section Represents
Model Evaluation)
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Figure 17. Output of the LSTM Algorithm Modeling for the First Two PCA Components at Level Six (The Blue

Curve Represents Actual Data, the Orange Section Represents Training Data, and the Green Section Represents
Model Evaluation)
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Figure 18. Output of the LSTM Algorithm Modeling for the First Two PCA Components at Level Eight (The Blue

Curve Represents Actual Data, the Orange Section Represents Training Data, and the Green Section Represents
Model Evaluation)
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Figure 19. Subsidence Maps Obtained from Radar Interferometry Technique for Years 1 (2014-2015), 2 (2015-
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Table 5. Area of Various Land Uses in the Qahavand Plain
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Figure 23. Map 1 (Land Use), Map 2 (Average Groundwater Level Decline from 1988 to 2018), Map 3 (Average
Subsidence from 2014 to 2019)
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