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Climate change and human activities have exerted immense pressure on
groundwater resources in arid and semi-arid regions, particularly in the Middle East.
In addition to climatic impacts, over-extraction from aquifers in alluvial plains has
led to water level decline, water quality degradation, and ecosystem destruction.
Recent studies indicate that the intensification of water stress and droughts in these
regions is driven by rising temperatures due to global warming and subsequent
changes in groundwater levels; therefore, an accurate assessment of these trends is
essential for sustainable water resources management. In this study, a hybrid
climate-artificial intelligence approach was employed to predict the impacts of
climate change on the groundwater level of selected well in the Maragheh-Bonab
plain. Initially, climatic variables were downscaled for future periods using an
ensemble of Global Climate Models (GCMs) from the CMIP6 project and the
LARS-WG stochastic weather generator under two emission scenarios. To model
the complex and non-linear relationship between climatic variables and water
resources, a Long Short-Term Memory (LSTM) deep neural network was utilized to
simulate and forecast groundwater levels. The key innovation of this research is the
integration of novel climate data with deep learning architecture and the
incorporation of the time-lag effects of hydroclimatic variables to enhance prediction
accuracy. Climate projection results indicate a significant increasing trend in
temperature across all months and a shift in the temporal distribution of
precipitation, leading to increased evapotranspiration and reduced natural aquifer
recharge. Furthermore, the LSTM model demonstrated that under the projected
climate scenarios, the groundwater level will experience a substantial decline. This
drawdown is a direct consequence of the simultaneous effects of reduced climate-
driven recharge and increased demand for water resources.
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Expanded Abstract

Introduction

Groundwater is a vital resource in arid and semi-
arid regions, providing essential fresh water for
households, agriculture, and industry. In recent
decades, the pressures from human activities and
climate change have significantly affected these
important water sources. The Maragheh—Bonab
Plain, a region crucial for agriculture, heavily
depends on groundwater to support crop
production and meet local water needs. As climate
change continues, characterized by rising
temperatures and unpredictable rainfall patterns,
the local water cycle is disrupted. This leads to
reduced natural groundwater recharge and
increased water demand, which adversely affects
aquifer systems.

Understanding how climate factors influence
aquifers is essential for developing effective water
management strategies. Traditional groundwater
models, such as MODFLOW, offer detailed
simulations of groundwater systems. However,
these models often require extensive data and
calibration, which can be time-consuming and
resource-intensive. As a result, the use of
Artificial Intelligence (Al) and Machine Learning
(ML) techniques has emerged as beneficial
alternatives for modeling hydrological data over
time. These advanced tools can analyze large
datasets more efficiently and provide insights into
complex patterns in groundwater behavior.

The main innovation of this research lies in the
integration of high-resolution climate data with an
advanced deep learning model for predicting
groundwater levels. Unlike previous studies that
relied on immediate data inputs, this research
considers the time-lag effects of climatic variables
on groundwater levels. It employs a Long Short-
Term Memory (LSTM) network, which is
specifically designed for time-series data, along
with the latest climate projections from the
Coupled Model Intercomparison Project Phase 6
(CMIP6) and the LARS-WGS8 downscaling tool.
This combined approach significantly enhances
the accuracy of future groundwater level
predictions in complex aquifer systems. By using
this innovative methodology, the study aims to
provide a more reliable understanding of how
climate change will affect groundwater resources

in the Maragheh—Bonab Plain. This understanding
is essential for water resource management and
planning in the face of ongoing -climate
challenges.

Materials and Methods

Study Area and Data Collection

The Maragheh—Bonab Plain was chosen as the
study area because of its agricultural importance
and history of groundwater depletion. This region
is characterized by its reliance on groundwater to
sustain  agricultural practices and local
communities. Topographic data were collected
using a Digital Elevation Model (DEM), which
helps in understanding the drainage patterns of the
area. Daily weather data, including precipitation,
minimum temperature (Tmin), and maximum
temperature (Tmax), were obtained from the
Maragheh weather station for the historical
baseline period.

To effectively isolate the impacts of climate
change from human activities, historical
groundwater level (GWL) data were sourced from
a carefully selected observation well in the
Maragheh—Bonab Plain. This well was chosen for
its geographical isolation from areas with
intensive agricultural pumping, ensuring that the
fluctuations in groundwater levels primarily
reflect natural recharge processes rather than
human interference. This careful selection
enhances the validity of the study's findings.

Climate Change Projections and Downscaling
(LARS-WG)

General Circulation Models (GCMs) are reliable
tools for simulating global climate systems.
However, their coarse spatial resolution requires
downscaling techniques for localized
assessments. In this study, the LARS-WGS
stochastic weather generator was utilized for
statistical downscaling. This method allows for
the generation of synthetic weather data tailored
to specific sites, improving the accuracy of
climate projections for the Maragheh—Bonab
Plain.

The modeling process involved two main steps:
calibration and validation. During calibration,
site-specific statistical parameters were extracted
from the historical data. In the validation phase,
the generated synthetic weather data were
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compared against historical observations to
ensure reliability. This rigorous evaluation is
essential for building confidence in the
downscaled projections.

To project future climate conditions, we
incorporated outputs from CMIP6, which
introduces Shared Socioeconomic Pathways

(SSPs) that replace the older Representative
Concentration Pathways (RCPs). SSPs provide a
more comprehensive framework by considering
various factors, including social and economic
developments  alongside climate  change
scenarios. Recognizing the inherent uncertainties
of individual GCMs, a Multi-Model Ensemble
approach was adopted. This approach selected
five GCMs that demonstrated good performance
in the specific climate context of the Middle East.

Simulations were conducted for the near future
(2030-2070) under two distinct SSPs: SSP2-4.5,
representing moderate socio-economic
challenges, and SSP5-8.5, representing a more
pessimistic scenario characterized by high
greenhouse gas emissions. Monthly change
factors were computed and integrated into the
LARS-WGS generator. Model performance was
statistically evaluated using the Coefficient of
Determination (R?) and Root Mean Square Error
(RMSE).

Groundwater Level
Learning (LSTM)

To mathematically capture the complex
relationship between climatic variables and
groundwater levels, a Deep Neural Network was
designed. The Long Short-Term Memory (LSTM)
network was chosen for its ability to effectively
manage long-term dependencies in time-series
data. The input features for the LSTM model were
carefully selected based on hydrological
principles, including Tmin and Tmax with a two-
month lag and a six-month cumulative
precipitation index.

Prediction via Deep

This method considers the delayed effects of
temperature on snowmelt and evaporation, as well
as the slow movement of water through the soil
into the aquifer. The LSTM model was trained
using the Adam optimizer over 250 epochs to
minimize loss, and its performance was rigorously
evaluated using R?> and RMSE during both

training and testing phases. This careful approach
ensures that the model is well-suited for predicting
groundwater levels based on future climate
scenarios.

Results and Discussion

Performance of the Downscaling Model

The evaluation of LARS-WGS8 showed that it
accurately replicated the historical climate
patterns of the Maragheh—Bonab Plain. The
statistical metrics for daily temperature and
precipitation simulations yielded consistently
high R? values, confirming the model's ability to
generate reliable synthetic weather data. This
reliable data forms a trustworthy foundation for
analyzing future climate scenarios and their
impacts on groundwater levels.

Climate Change Impacts on Meteorological
Variables

The statistically downscaled projections indicate
significant changes in local weather patterns. Both
minimum and maximum temperatures are
expected to rise across all seasons, with annual
increases projected between 1~2.5°C under SSP2-
4.5 and up to 3~4.5°C under SSP5-8.5 by the year
2070. These changes will likely have serious
implications for local agriculture and water
resources.

Precipitation patterns are also expected to shift,
with significant changes in timing rather than just
total volume. The results project a longer dry
summer season and a delay in the start of autumn
rains, which could impact the timing of
agricultural  activities. = Furthermore,  the
simulations suggest that warmer temperatures will
convert winter snow into rain, increasing surface
runoff and reducing the water available for aquifer
recharge. This shift in precipitation phase could
severely affect the sustainability of groundwater
resources in the region.

Groundwater Level Projections

The trained LSTM model effectively captured
historical groundwater fluctuations during the
testing phase, demonstrating high accuracy and
low error margins. When applied to the
downscaled future climatic projections, the LSTM
indicated a concerning trend of groundwater level
decline in the selected observation well from 2030
to 2070. The model projects a significant drop in
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the water table, ranging from 0.1 to 0.6 meters
under different scenarios.

Because the observation well was specifically
isolated from localized human pumping
influences, these projected declines are primarily
attributed to climatic effects—particularly
diminished natural recharge due to altered
precipitation patterns and increased
evapotranspiration. This finding underscores the
urgency of addressing climate-induced stresses on
groundwater resources.

Conclusions

This comprehensive research highlights the
vulnerability of the Maragheh—Bonab Plain
aquifer to the inevitable impacts of climate
change. The hybrid methodological framework,
which combines the LARS-WGS8 statistical
downscaling tool with the LSTM deep learning
network, proved to be an effective approach for
hydro-climatic projections.

The results reveal a concerning environmental
outlook: rising regional temperatures, shifted
precipitation patterns, and a sharp decline in

groundwater levels. The significant drop in
groundwater is especially alarming under high-
emission scenarios, emphasizing the urgent need
for proactive measures from water authorities and
policymakers.

To mitigate the risks posed by climate change,
immediate action is necessary. Measures should
include transitioning to low-water-consuming and
drought-resistant crops, improving irrigation
efficiency through modern technologies, and
actively exploring artificial recharge methods to
offset diminishing natural recharge. If these
climate-induced stresses are not addressed, the
region may face irreversible ecological
degradation, land subsidence, and severe socio-
economic disruption.

In summary, the findings from this research serve
as a critical warning for regional water
management. There is a pressing need to revise
current water demand management practices and
implement adaptive measures to ensure the
sustainability of water resources in the Maragheh—
Bonab Plain and similar semi-arid regions
worldwide.
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Table 1- Sources and aggregated data.

Data

Description

Data Source

Meteorological data (1984-2025)

Precipitation, temperature

Iran Meteorological Organization (IRIMQO)

Observation well data (2001-2022) | Water level, elevation head Ministry of Energy
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Figure 1- Study area: (a) geographical location and DEM; (b) land use map; (c) lithological map.
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Table 2- Specifications of the selected CMIP6
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Table 3- Specifications and features of the scenarios.

Scenario Development Pathway Description

Radiative
Forcing by
2100

Scenario Interpretation

! Radiative Forcing
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This scenario represents a “middle-of-the-road”
pathway where economic, social, and technological

This scenario is typically considered a

SSP2-4.5 trends follow historical patterns, with limited policies 4.5 Wim? medium or relatively optimistic scenario.
for greenhouse gas emission control.
This scenario represents a world with rapid economic This scenario is known as the pessimistic
SSP5.8.5 growth and high dependence on fossil fuels, where no 8.5 W/m? or high-emission scenario, representing

effective policies are implemented to

reduce
greenhouse gas emissions.

climate change.
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Figure 2- Methodological flowchart.
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Figure 4- Monthly Anomaly plots for Climate variables: (a) Tmin; (b) Tmax; (¢) Prcp.
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Table 4- Summary of projected precipitation changes for the near and far-future periods.
Indicator Near Future Far Future Climate Interpretation

Relative increase (approx. 2

Winter Precipitation
mm)

Increased winter

Relative increase . .
moisture/precipitation

Spring Precipitation 4 mm increase

Increase of more than 4 mm

Temporal shift in rainfall

V¥
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Summer Precipitation

Slight increase

Slight increase

Probability of short-term
intense rainfall

Autumn Precipitation

Significant decrease,

More severe decrease,

Delay in the onset of autumn

especially in October especially in October rains
Annual Precipitation o o Greater change in temporal
Limited change Limited change Lo
Changes distribution
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Table 5- Summary of projected temperature changes for the near and far-future periods.

Indicator Near Future Far Future Climate Interpretation
i o Approx. 3 ~ op
Change (Tmin) Approx. 2 ~ 3°Cincrease 4.5°Cincrease Approx. 2to 4. 5°Cincrease
Approx. 1 ~ Approx. 3 ~ . .
Change (Tmax) 2 5°Cincrease 4.5°Cincrease Daily temperature increase
Highest Temperature Winter and early Winter and early Shift in precipitation type from snow to
Increase Autumn Autumn rain
Lowest Temperature . . o,
Increase Spring Spring Probability of cold spells
Model Uncertainty Level Higher in Spring and Higher in Spring and Higher m0(.1e.1 dispersion during
Autumn Autumn transitional seasons
Highest Model Summer Summer More reliable projections
Consensus
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