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Abstract Hydrogeological modeling is essential for managing groundwater systems, especially in the
transport and remediation of contaminants. Traditional modeling methods face challenges due to the
increasing complexity and volume of data. Deep learning (DL) has emerged as a promising tool, offering
significant improvements in accuracy and efficiency for tasks such as time series prediction, spatial data
analysis, and inverse modeling. Although recent applications of DL in hydrogeology have shown potential,
many models are still in the testing phase due to limited hydrogeological data, the “black box” nature of DL
models hindering interpretability, and the substantial computational resources needed for training.
Furthermore, the lack of standardized evaluation benchmarks makes it difficult to compare the performance of
different DL models in hydrogeological contexts. To advance DL‐based hydrogeological modeling, future
research should focus on enhancing data availability through data fusion and public databases, improving
model interpretability using physics‐informed and explainable DL techniques, and developing more efficient
algorithms for training large‐scale models. Additionally, exploring new computational paradigms, such as
quantum computing, could provide revolutionary solutions for handling the computational challenges
associated with training complex models. Establishing standardized benchmarks will also be key for assessing
the practical utility of DL models and facilitating their generalization in real‐world scenarios. By addressing
these challenges and leveraging DL alongside emerging computational technologies, hydrogeological
modeling can be significantly advanced, improving the management and remediation of groundwater systems
impacted by contaminants.

Plain Language Summary Groundwater provides drinking water for billions of people worldwide,
yet managing and cleaning contaminated groundwater is extremely challenging. Scientists use computer models
to understand how water and pollutants move underground, but traditional models struggle with today's massive
and complex data. Deep learning (DL), an artificial intelligence method, shows great promise for improving
these models. It can help predict how groundwater changes over time, map underground water resources, and
identify properties of underground rocks and soil. However, using DL for groundwater studies faces several
obstacles: (a) We often do not have enough underground data to properly train these computer models, (b) it is
hard to understand how DL makes its predictions, (c) training these models requires expensive computing and
time, and (d) we lack standard ways to test whether DL models work well for different groundwater problems.
Solutions include: (a) combining different types of data and share databases openly, (b) developing DL models
that follow known physics laws and can explain their reasoning, (c) creating faster and more efficient
algorithms, and (d) establishing standard tests to compare different DL models fairly. By combining DL with
new computing technologies and groundwater expertise, we can better protect and clean our vital underground
water supplies.
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1. Introduction
Groundwater, a vital and indispensable resource, plays a crucial role in sustaining drinking water, ecosystems,
supporting agriculture, and providing industrial water supplies (Hilton & Jasechko, 2023; Scanlon et al., 2023;
Soltanian et al., 2024). Effective management and understanding of groundwater systems are essential to address
pressing challenges such as water scarcity, contamination, and ecosystem preservation (Cuthbert et al., 2019).
Hydrogeological modeling has served as a cornerstone for achieving these objectives, allowing researchers and
practitioners to simulate and predict the behavior of groundwater systems under various conditions and into the
future (Hammond et al., 2014; Prommer et al., 2003; Pruess et al., 1999; Ren et al., 2022; Wallace et al., 2021).

Since the introduction of Darcy's Law in the mid‐19th century, scientists have employed mathematical equations
to describe the movement of groundwater, solutes, and other fluids in subsurface environments (Gómez‐Her-
nández & Wen, 1998; Kitanidis, 1997; Neuman, 1972; Rubin & Journel, 1991). The development of hydro-
geological models has progressed profoundly over time, with the advent of computer technology in the 1960s
marking a turning point (Gómez‐Hernández et al., 2017; Šimůnek et al., 2016). Process‐based hydrogeological
simulation models emerged during this period and have since undergone continuous evolution, refinement, and
diversification. Traditional numerical‐modeling simulation tools, such as MODFLOW, TOUGH, FEFLOW, and
HYDRUS, have become essential in hydrogeology, environmental science, and engineering, offering critical
insights for better understanding and managing groundwater systems (Prommer et al., 2003; Xu et al., 2006;
Zheng & Wang, 1999).

As the data acquired in the hydrogeology field continues to grow and the problems faced become more complex
and multi‐scale, traditional hydrogeological modeling methods struggle to cope with the vast amounts of het-
erogeneous data generated by monitoring networks and remote sensing technologies (Divine et al., 2024; Tsai
et al., 2021). Typically, traditional hydrogeological models are limited to handling a single type of data, whereas
other data types must be transformed into specific formats or parameters required by the model, often relying on
prior knowledge. In some cases, valuable data cannot be effectively transformed into the format needed by the
model. For instance, when using stochastic generation models for aquifer structure, geophysical data, borehole
data, and hydrological observations must be converted into a format that represents the spatial distribution of
lithofacies, similar to borehole data (Carle, 1999; Yeh et al., 2015). Geophysical signals must be transformed into
equivalent lithofacies distribution data to be input into the model, whereas hydrological observation data often
cannot be directly converted into lithofacies distributions (Jamil et al., 2024). This limits the capability to
effectively integrate valuable information for accurately predicting complex groundwater behavior across mul-
tiple scales (Sun & Scanlon, 2019). Traditional models typically rely on simplifying assumptions and may not
adequately represent the intricate and nonlinear interactions among various subsurface processes, leading to less
accurate predictions and limited scalability (Fiori et al., 2010; Rubin & Journel, 1991). Furthermore, traditional
models often require significant computational resources and time, which can be a major obstacle for real‐time
analysis, scenario evaluation, and decision‐making (Asher et al., 2015; B. Chen et al., 2018; Luo et al., 2023). The
growing complexity of hydrogeological problems and the need for timely and accurate predictions necessitates
the development of more advanced modeling approaches.

In the past decade, the rapid advancement of data fusion and artificial intelligence (AI) technologies has led to
their integration with hydrogeological numerical simulations, giving rise to a new generation of hydrogeological
modeling methods capable of more accurately predicting the behavior of groundwater systems across a wide
range of modeling tasks (Shen, 2018; Tahmasebi et al., 2020). Deep learning (DL) algorithms, a subfield of AI,
have demonstrated unparalleled capabilities in various applications such as image recognition, natural language
processing, and predictive analytics. Their capability to handle large, complex data sets and automatically capture
intricate nonlinear relationships (Vereecken et al., 2022) makes them well‐suited for tackling the challenges of
hydrogeological modeling.

Leveraging the power of DL models, researchers can efficiently process large amounts of data, enabling the
assimilation of diverse sources of information to improve the accuracy and reliability of groundwater predictions
(X. Li et al., 2023; Q. Zhang et al., 2023; X. Zheng et al., 2023). Unlike traditional methods, DL models can
directly extract effective information from original measurement, without the need for prior simplifying as-
sumptions, allowing for more accurate and realistic simulations of complex hydrogeological problems (Bao
et al., 2020; Han et al., 2022). For instance, in aquifer structure identification, conventional two‐point or multi‐
point statistical models often rely on specific assumptions, such as stationarity, to represent the spatial variability
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of the aquifer (Dai et al., 2019). However, generative deep learning models, such as generative adversarial
networks (GANs) and variational autoencoders (VAEs), eliminate the need for such assumptions and are capable
of effectively identifying heterogeneous characteristics of various types of aquifers. This enables the models to
capture more complex spatial patterns and nonstationary behaviors inherent in real‐world subsurface environ-
ments, thus providing a more nuanced understanding of aquifer systems (Zhan et al., 2023). This data‐driven
approach allows DL models to capture the intricate heterogeneity and nonlinear dynamics of subsurface sys-
tems, which are often challenging to represent using traditional process‐based models. Additionally, DL models
fully utilizes the computational power of modern hardware accelerators, such as graphic processing units (GPUs)
and tensor processing units (TPUs) (Haensch et al., 2019), offering computational efficiency far beyond that of
traditional numerical models. This is crucial for real‐time analysis and informed decision‐making in groundwater
management.

However, as DL models have been more frequently applied to hydrogeological simulation tasks over the past few
years, some issues have become increasingly apparent. For example, in many tasks of application, it is chal-
lenging to obtain the large amount of high‐quality data required for effectively training DL models (C. Zhan
et al., 2024). Hydrogeological data are often sparse, heterogeneous, and subject to measurement errors (Nilsson
et al., 2007), posing difficulties in assembling the comprehensive data sets needed for robust model training.
Furthermore, the interpretability of DLmodels remains a concern, as these models often operate as “black boxes,”
making it difficult to understand the underlying reasoning and decision‐making processes. This lack of trans-
parency can hinder the adoption of DLmodels in critical applications where interpretability and explainability are
essential (Tian et al., 2024). There is also a lack of unified evaluation standards and benchmarks for assessing the
performance and reliability of DL models in hydrogeological modeling applications, further impeding their
widespread adoption (T. Xu et al., 2024). Lastly, issues with the generalizability and lengthy training times of DL
models have hindered their practical application (Adombi et al., 2021, 2022). As a result, despite 5–6 years of
research on the hydrogeological application of DL algorithms, the vast majority of DL‐based hydrogeological
models are still difficult to apply in practice.

Given these challenges and the current state of DL applications in hydrogeological modeling, it is necessary to
systematically review and assess the progress made in this field. Existing reviews primarily provide broad
overviews of DL applications across the entire hydrological domain, rather than focusing specifically on recent
advancements in hydrogeological modeling (Ayzel, 2021; Shen, 2018; Sit et al., 2020; Xu & Liang, 2021).
Moreover, most reviews aim to describe in detail how various DL models should be applied for the broader
scientific community, with less emphasis on the practical challenges and limitations encountered in recent years
regarding the application of DL models in this specific field. Additionally, there is a lack of systematic summary
and planning for the future development of DLmodels for related studies. Therefore, this study will not delve into
the technical details of various DL models but will instead describe the advantages of applying DL models in
hydrogeological simulation, as well as the challenges and limitations faced. Lastly, this study aims to propose
potential solutions to address these issues and outlines directions for future research.

2. Advancements of DL in Hydrogeological Modeling
In recent years, the widespread application of DL models has marked a transformative era in hydrogeological
modeling. The unique capabilities of DL models have enabled significant advancements in addressing various
hydrogeological modeling challenges. This chapter categorizes the application of DL in hydrogeological
modeling into three main fields: time series analysis, spatial data analysis, and inverse modeling. We review the
applications of DL models in hydrogeological modeling from these three perspectives, highlighting the unique
advantages and potential of DL models in relevant studies.

2.1. Time Sequence Prediction

Time sequence prediction is integral to hydrogeological modeling, encompassing tasks such as groundwater level
forecasting and mine water inflow prediction. These tasks are pivotal for effective water resource management,
environmental planning, and disaster prevention. However, the inherent complexity of temporal relationships in
hydrogeological systems, influenced by diverse factors such as climatic variations, geological characteristics, and
human activities, poses major challenges for traditional numerical models (Boo et al., 2024). These models, which
are typically based on physical processes, often struggle to fully account for the intricate interactions and
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dependencies present in time sequence data, particularly when the data sets are large, diverse, or incomplete
(Chen et al., 2020).

DL models, particularly recurrent neural networks (RNNs) and their advanced variants such as long short‐term
memory (LSTM) networks, have emerged as powerful tools for addressing these challenges (Wunsch
et al., 2021). Unlike traditional models, DL approaches can process vast amounts of sequential data, learning
directly from the relationships within the data without the need for explicit feature engineering (Nosouhian
et al., 2021). This capability enables DL models to capture both short‐term fluctuations and long‐term de-
pendencies, leading to high‐precision predictions in hydrogeological applications.

In groundwater level (i.e., groundwater elevation) forecasting, LSTM networks have been widely applied due to
their ability to handle the large volumes of sequential data provided by long‐term monitoring networks (Boo
et al., 2024; Rajaee et al., 2019). Groundwater levels are influenced by various dynamic factors, such as pre-
cipitation, evapotranspiration, and land‐use changes, which exhibit both periodic and nonlinear behaviors.
Traditional models, although effective for localized and relatively simple systems, often fall short in accurately
predicting groundwater levels when faced with complex or large‐scale data sets. LSTM models, by contrast, can
efficiently process historical observations and related time sequence to uncover and learn the intricate temporal
patterns embedded in the data (Tao et al., 2022) (See Figure 1). Studies have demonstrated that LSTM models
outperform traditional numerical approaches in both accuracy and adaptability, making groundwater level
forecasting one of the most successful applications of DL in hydrogeology (Ali et al., 2024; F. Cui et al., 2022).

Similarly, mine water inflow prediction has greatly benefited from the application of DL models (Chen
et al., 2020; Mahmoodzadeh et al., 2021). Accurate forecasting of mine water inflow is essential for ensuring the
safety and sustainability of mining operations, as it helps to prevent water‐related hazards and optimize resource
management. Traditional prediction methods, such as empirical equations and simplified flow models, are often
limited by their inability to capture the nonlinear and dynamic nature of water inflow processes, which are
influenced by factors such as geological structures, mining activities, and groundwater recharge. DL models,
particularly LSTM and temporal convolutional networks (TCNs), have demonstrated superior performance in this
domain by effectively learning the complex relationships among these factors as seen in Figure 2 (S. Yang
et al., 2023).

One of the key strengths of DL models in time sequence prediction is their capacity to process diverse and large‐
scale data sets (Sun et al., 2019). For instance, in both groundwater level forecasting and mine water inflow
prediction, DL models can integrate data from various sources, such as monitoring stations, satellite observations,
and environmental records, to build a comprehensive understanding of the system dynamics (Mo et al., 2022;
Moudgil & Rao, 2023; Nourani et al., 2024). Traditional process‐based models often require extensive pre-
processing and calibration to incorporate such diverse data sources, whereas DL models can seamlessly learn
from these inputs in an end‐to‐end manner. This flexibility significantly enhances the applicability and efficiency
of DL models in real‐world hydrogeological scenarios.

Figure 1. Schematic diagram for predicting coastal groundwater levels with TCN and LSTM (modified from X. Zhang
et al. (2023)).
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DL models excel in capturing the temporal patterns and dependencies that are crucial for understanding
hydrogeological processes (Wunsch et al., 2022). Time sequence prediction tasks typically involve both long‐
term trends and short‐term fluctuations, which are challenging for traditional models to simulate simulta-
neously. LSTMs, with their specialized architecture, are particularly adept at retaining long‐term dependencies
while simultaneously focusing on short‐term variations. This capability stems from their core components: A
memory cell (cell state) and three regulatory gates—input, forget, and output. The cell state acts as a conveyor for
information through time. The forget gate selectively decides which information from previous time steps to
discard or keep within the cell state, thereby preserving long‐term dependencies. Simultaneously, the input gate
controls which new information from the current input is added to the cell state, allowing the network to react to
short‐term variations. The output gate then determines what information from the cell state is passed on as the
output for the current time step, effectively balancing these long‐term and short‐term influences. This dual
capability makes them highly effective for tasks including groundwater level forecasting, where the interactions
between seasonal cycles, meteorological events, and anthropogenic influences need to be considered and
accounted for comprehensively (Fang et al., 2017). Additionally, DL models demonstrate robustness in handling
missing or noisy data (Vu et al., 2021), which is a common issue in hydrogeological monitoring networks. This
DL capability will be discussed in detail in Section 4.

In summary, DL models, particularly RNNs and LSTM networks, offer substantial advantages in time sequence
prediction for hydrogeological modeling (Bai & Tahmasebi, 2023). Their ability to process large and diverse data
sets, learn intricate temporal patterns, and accurately model both short‐term and long‐term dependencies has
made them indispensable tools for tasks such as groundwater level forecasting and mine water inflow prediction
(Yin et al., 2023).

2.2. Spatial Analysis

Spatial analysis plays a critical role in hydrogeological modeling, serving as the foundation for understanding the
location‐specific characteristics and variabilities of subsurface systems. These tasks range from analyzing fine‐
scale pore structures in digital rock physics to understanding large‐scale, complex aquifer heterogeneities (L.
Chen et al., 2022; Fernàndez‐Garcia et al., 2005; Zhang et al., 2024). Accurate spatial analysis is essential for
creating reliable groundwater flow and solute transport models, which are necessary for effective water resource
management, environmental protection, and pollution remediation (Carroll et al., 2024; Irving & Singha, 2010;
Song et al., 2019). However, traditional spatial analysis methods often face significant challenges when dealing
with the complexity and heterogeneity inherent in hydrogeological systems. In this context, DL has emerged as a
powerful tool to overcome these limitations, offering substantial improvements in handling spatial data in hy-
drogeology (Cui et al., 2024; Tang et al., 2022).

Traditional spatial analysis methods, such as two‐point and multi‐point statistical models, have long been used to
interpret subsurface data. These methods typically rely on the statistical relationships between discrete spatial
points and use interpolation or stochastic simulations to predict unknown properties (Carle & Fogg, 1997;
Sanchez‐Vila et al., 2006; Strebelle, 2021; Tahmasebi, 2018; Yeh et al., 2015). Although these methods have been
foundational, they are limited by several key factors. First, they often rely on assumptions of stationarity or
isotropy, which do not hold in many heterogeneous geological systems. This makes them less effective at
accurately capturing the complex and variable nature of subsurface environments (Bonazzi et al., 2022). Second,
traditional methods tend to be computationally intensive, particularly when applied to large data sets or high‐
dimensional spatial data. This computational burden limits their applicability in real‐time or large‐scale simu-
lations (Harp et al., 2008). Third, many traditional methods depend heavily on domain expertise for parameter

Figure 2. Schematic diagram of predicting mine water inflow process using DIFF‐LSTM/DIFF‐TCNmodels (modified from
S. Yang, Song, et al. (2023)). Mt and Mt‐1 denote the mine water inflow at time t and time t‐1, respectively.
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selection, model calibration, and interpretation. This dependence introduces subjectivity into the analysis, leading
to inconsistencies and reducing the reproducibility of results (Geng et al., 2020).

In contrast, deep learning models, particularly convolutional neural networks (CNNs), have revolutionized spatial
analysis in hydrogeology. These models are particularly effective at processing complex and high‐dimensional
spatial data, such as images or spatial grids, and, owing to their inherent architecture designed to capture
spatial structures (Z. Li et al., 2022). CNNs employ convolutional layers with learnable filters that automatically
scan the input to detect local patterns. This focus on local regions enables CNNs to thoroughly capture local
features. This is critical for hydrogeological modeling, as local heterogeneities, such as variations in permeability,
can significantly influence both groundwater flow and solute transport (Dai et al., 2020). Crucially, through
weight sharing—applying the same filter across the entire input—CNNs gain two key advantages: they signif-
icantly reduce model parameters compared to traditional networks, making them efficient for high‐dimensional
data, and they achieve translation invariance, enabling them to recognize features regardless of their location
(Goodfellow et al., 2016). This structure allows CNNs to learn hierarchical features directly from raw data (Ma
et al., 2023; Xiong et al., 2024), initial layers capture basic, low‐level features (e.g., edges or gradients), whereas
deeper layers progressively combine these to identify increasingly complex large‐scale structures and relation-
ships, effectively reflecting the multi‐scale heterogeneity inherent in subsurface systems. Unlike traditional
statistical methods, which often require assumptions about spatial correlation or explicit human intervention for
feature engineering, deep learning, through CNNs, automatically learns representations of spatial relationships
from large data sets, making it particularly useful in handling the complexity and heterogeneity of subsurface
systems (Y. D. Wang et al., 2021). Deep learning models have been applied to a variety of spatial analysis tasks in
hydrogeology, including digital rock image segmentation, mineral facies distribution identification, heteroge-
neous aquifer structure identification, and hydrogeophysics modeling (Jamil et al., 2024; Kang et al., 2021; S.
Song et al., 2023; Sun & Scanlon, 2019; Zhan et al., 2023). These applications demonstrate the power of DL to
handle spatial data more efficiently and accurately than traditional methods.

One prominent application of DL in hydrogeology is digital rock image segmentation, which involves analyzing
rock samples to understand their pore structures for fluid flow simulation (Karimpouli & Tahmasebi, 2019).
Traditional segmentation methods often rely on manual annotation or simple image‐processing algorithms, which
are time‐consuming and prone to errors, especially when dealing with noisy or low‐quality images (Saxena
et al., 2021; Varfolomeev et al., 2019). In contrast, DL models, particularly CNNs, excel at automatically seg-
menting rock images into different components, such as pores and minerals, with high accuracy and speed (Wang
et al., 2022). These models can process large volumes of rock samples without human intervention, reducing
subjectivity and improving consistency. Furthermore, advanced architectures such as U‐Net and its variants have
been used to segment multi‐mineral rock samples, adapting to different mineral compositions and improving the
accuracy of petrophysical parameter estimation (See Figure 3). The ability of DL to handle noisy or complex
images also allows it to outperform traditional methods in terms of both accuracy and efficiency (Ma et al., 2023).

Similarly, the identification of mineral facies distribution is another crucial spatial task in hydrogeology. Accurate
mineral facies mapping is essential for understanding chemical interactions between groundwater and sur-
rounding rock, which affect groundwater quality and solute transport (Chen et al., 2023; Singh & Rao, 2005).
Traditional methods for mineral identification, such as optical microscopy or spectroscopy, are labor‐intensive
and can only identify minerals with clear, distinct characteristics (Mlynarczuk & Skiba, 2017). Recent ad-
vancements in DL, particularly in image recognition, have led to significant improvements in mineral facies
identification (Hong et al., 2017). CNNs can automatically extract and classify features from large data sets of
mineral images, identifying subtle variations in texture and color that would be difficult for human experts to
detect (See Figure 4). By using DL models to process mineral images, researchers can more accurately and
efficiently map mineral facies distributions, reducing both labor costs and the potential for human mistake (Ramil
et al., 2018).

The identification of heterogeneous aquifer structures is another area where DL has shown significant promise.
Aquifer heterogeneity is a key factor influencing groundwater flow and solute transport, and accurately identi-
fying aquifer structures is critical for reliable groundwater modeling (Bonazzi et al., 2022; Cirpka et al., 2022).
Traditional methods often rely on sparse data from boreholes or geological outcrops, and these data are typically
interpolated to generate facies maps. However, this approach, particularly when using two‐point statistics such as
kriging, can fail to capture fine‐scale heterogeneity due to its reliance on pairwise correlations, which may not
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adequately represent complex spatial patterns (Azevedo et al., 2020; El Mezouary et al., 2024). Although multi‐
point statistics (MPS) methods can utilize image data to capture higher‐order spatial structures, they are
computationally demanding and less flexible in incorporating multiple constraints. DL models, particularly
generative adversarial networks (GANs) and variational autoencoders (VAEs), offer a more robust solution by
treating spatial data as images and learning the underlying facies distribution patterns directly from data
(Ershadnia et al., 2024; Pan et al., 2023; Zhan, Dai, Soltanian, & Zhang, 2022). These models can generate
realistic facies maps that honor observed data while capturing the complex spatial relationships between different
facies (See Figure 5). Furthermore, DL models can easily integrate various constraints, such as borehole data and
aquifer properties, by modifying the loss function, and they can be efficiently coupled with data assimilation
techniques to incorporate indirect measurements, enhancing the accuracy of aquifer structure identification
(Moeini et al., 2024; Zhan, Dai, Soltanian, & de Barros, 2022). Additionally, DL models do not depend on
specific statistical assumptions, making them suitable for both stationary and non‐stationary geological settings.

In hydrogeophysics modeling, DL has proven to be effective in overcoming the limitations of traditional
geophysical inversion methods. Traditional hydrogeophysical methods, such as geophysical inversion tech-
niques, often rely on regularization to constrain the inversion process, which can lead to overly smoothed spatial
distributions of geophysical parameters, failing to accurately capture the heterogeneity of hydrogeological

Figure 4. Flowchart of intelligent mineral identification model example.

Figure 3. Schematic diagram of the encoder‐decoder architecture of a typical segmented CNN network: U‐Net++, a U‐Net
variant with nested and dense skip connections that is widely used in rock image segmentation.
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systems (Constable et al., 1987; Hyndman et al., 1994; Jamil et al., 2024). These methods also require significant
expertise, as practitioners must manually process large volumes of raw monitoring data, resulting in time‐
intensive workflows that are less adaptable to complex field conditions (Xiong et al., 2024). In contrast, DL
models excel by directly mapping raw geophysical monitoring data (e.g., Electrical Resistivity Tomography and
Ground Penetrating Radar) to hydrogeological parameters without relying on intermediate petrophysical trans-
formations (See Figure 6). This approach avoids smoothing artifacts and enhances computational efficiency,
allowing DL models to capture fine‐scale heterogeneity more effectively (Cao et al., 2024, 2025). Additionally,
DL‐based frameworks, such as encoder‐decoder architectures and generative models, streamline the processing
of high‐dimensional geophysical data, enabling more accurate and efficient integration of these data sets into
hydrogeological analyses (S. Li et al., 2020; Tan et al., 2019).

Just as RNNs such as LSTM have advanced the application of DL models in time series analysis in hydro-
geological modeling, various CNN‐based DLmodels have similarly propelled their widespread use in spatial data
analysis in hydrogeological modeling (Z. Cui et al., 2022; Panahi et al., 2020). CNNs can capture spatial features
at different scales through convolutional kernels of varying sizes and pooling layers, enabling DLmodels to better
understand the multi‐scale structures in spatial data (Cui et al., 2024; Elmorsy et al., 2022; Liu & Mukerji, 2022).
Additionally, since the scale of spatial data structures is often large, traditional models have lower efficiency in
processing them. The parallel computing architecture of CNNs allows for efficient computational performance
when handling large‐scale spatial data (Li et al., 2016; Maggiori et al., 2017).

In hydrogeological modeling, when it comes to spatial data analysis, tasks can be treated as image data can be
approached using various CNN‐based DL models, such as ResNet, U‐Net, and others (Lauzon, 2024; Y. Xu
et al., 2024). However, compared to time series data, spatial distribution data are more challenging to obtain and
often only reflects partial characteristics of the target, such as rock images obtained by scanning electron mi-
croscopy, which only represents part of the rock's features (Cnudde & Boone, 2013), or aquifer outcrop photos
obtained through remote sensing technology possibly differing significantly from the actual underground aquifer
structure (Bellian et al., 2005; Howell et al., 2014). The difficulty in obtaining training data means that most DL
model research in spatial sequence analysis is currently tested using synthetic or laboratory data (C. Zhan
et al., 2024). However, as these challenges are addressed and resolved through advancements in data acquisition
techniques, such as improved subsurface imaging methods or integration of multiple data sources, DL models are
expected to be widely applied in hydrogeological modeling for spatial data analysis in the future, leading to more
accurate and reliable predictions of subsurface properties and processes.

Figure 5. The schematic diagram of parameterization method: (a) GAN; (b) VAE.
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2.3. Inverse Modeling

In hydrogeological modeling, inverse problems are ubiquitous and crucial for estimating model parameters and
understanding subsurface systems. These problems typically involve determining aquifer properties and model
parameters that cannot be directly measured, such as aquifer structure, hydraulic conductivity, and transport
parameters. Traditional approaches to inverse modeling include local optimization techniques, global optimi-
zation algorithms, Bayesian Markov chain Monte Carlo methods, and ensemble Kalman filter variants (Bahrami
et al., 2016; Bjarkason et al., 2018; Rajabi et al., 2018; Tsai et al., 2022; Vrugt, 2016). However, these methods
face significant challenges that they often require numerous forward model realizations, leading to prohibitive
computational costs for complex models, and they struggle with high‐dimensional uncertainty in model condi-
tions (Cao et al., 2025). For CPU‐intensive high‐fidelity numerical models, the computational burden of tradi-
tional inversion frameworks becomes particularly problematic, especially when dealing with heterogeneous
aquifer systems and complex boundary conditions. Moreover, when dealing with high‐dimensional uncertainty in
model conditions, these traditional algorithms may struggle to provide reliable parameter estimations due to their
inherent limitations in handling complex parameter spaces (Razavi et al., 2012; Yan & Zhou, 2019).

DL approaches have demonstrated remarkable capabilities in addressing these limitations through three primary
mechanisms. First, DL models are skillful in accelerating forward simulations through surrogate modeling. Both
data‐driven and physics‐informed neural networks (PINNs) can efficiently approximate complex hydrogeological
systems (Tang et al., 2021a; Y. Xu et al., 2024) (See Figure 7). Traditional surrogate methods such as radial basis
functions, Gaussian process regression, and polynomial chaos expansion suffer from the curse of dimensionality,
where computational costs increase exponentially with input dimensionality (Laloy et al., 2013; Pan et al., 2021).
They also face convergence difficulties when dealing with strongly nonlinear relationships (Chen et al., 2021). In
contrast, DL model, particularly CNNs, can effectively handle high‐dimensional parameter spaces and capture
complex nonlinear relationships between model parameters and responses (L. Feng et al., 2024; N. Wang
et al., 2023). DL models, with their deep architectures and nonlinear activation functions, possess the universal
approximation capability, enabling them to model highly complex and nonlinear relationships inherent in
hydrogeological systems. This is particularly advantageous for surrogate modeling, where traditional methods
struggle with high‐dimensional inputs and strong nonlinearities (Luo et al., 2023). For instance, CNNs are well‐
suited for processing spatial data, such as parameter fields or concentration distributions, by leveraging local
connectivity and shared weights to capture spatial patterns efficiently. Moreover, physics‐informed neural net-
works (PINNs) incorporate physical constraints directly into the learning process, ensuring that the surrogate
models adhere to the governing equations of the system (Xu & Zhang, 2024). This not only improves the accuracy

Figure 6. Schematic diagram of integrating DL techniques into hydrogeophysical methods: (a) Direct geophysical parameters
(GP) estimation method, (b) DA‐based raw monitoring (RM) method.
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of the approximations but also allows for better generalization from limited
training data, which is often a challenge in hydrogeological applications
where data can be scarce or expensive to obtain. Recent studies have
demonstrated successful applications of various DL architectures, including
U‐Net and physics‐informed neural networks, in constructing accurate and
computationally efficient surrogate models for complex hydrogeological
systems (Lauzon, 2024; N. Wang et al., 2024). These DL‐based surrogate
models have shown remarkable ability in capturing the dominant features of
complex systems while maintaining high computational efficiency.

Second, DL offers superior parameter dimension reduction capabilities
through generative learning approaches, primarily using GANs and VAEs
(Canchumuni et al., 2021; Zhan, Dai, Samper, et al., 2022). These methods
effectively map low‐dimensional latent vectors to high‐dimensional param-
eter distributions, offering a significant advantage over conventional linear
methods such as principal component analysis (PCA). GANs and VAEs
leverage the power of deep neural networks (DNNs). The key to their supe-
riority lies in their multi‐layered architectures combined with nonlinear
activation functions. Without nonlinear activations, a deep stack of layers
would mathematically collapse into an equivalent single linear layer. How-
ever, by introducing nonlinearities at each layer, DNNs gain the ability to
approximate highly complex, arbitrary nonlinear functions (Hornik
et al., 1989) and, crucially, to learn hierarchical feature representations—
extracting simple patterns at early layers and progressively building more
complex and abstract features at deeper layers (LeCun et al., 2015). VAEs
(Kingma & Welling, 2014) employ this capability through an encoder (a
DNN) that learns a sequence of nonlinear transformations to map high‐

dimensional parameters onto a lower‐dimensional, probabilistic latent space, explicitly designed to represent
the data's underlying nonlinear manifold. The training objective, balancing reconstruction loss with a regulari-
zation term (like KL divergence), encourages this latent space to be continuous and well‐structured, capturing the
intrinsic geometry and topology of the data. A decoder (another DNN) then learns the inverse nonlinear mapping
from this latent manifold back to the high‐dimensional parameter space. GANs (Goodfellow et al., 2014) utilize a
different but equally powerful approach. A generator network (DNN) learns to transform simple latent noise
vectors into complex, high‐dimensional parameter distributions. It is trained through an adversarial process
against a discriminator network (DNN) that learns to distinguish real from generated parameters. This dynamic
competition forces the generator, with its high capacity for nonlinear mapping, to learn an increasingly sophis-
ticated representation of the true data distribution, implicitly capturing its complex nonlinear manifold structure,
including subtle features and dependencies. Therefore, the ability of GANs and VAEs to model these intricate,
nonlinear relationships through deep, hierarchical, nonlinear transformations makes them fundamentally more
effective than conventional methods such as PCA (Canchumuni et al., 2019) (See Figure 5) for efficient parameter
estimation. This is particularly valuable when dealing with non‐Gaussian random fields, where traditional
dimensionality reduction techniques often perform poorly (Mo et al., 2020). Recent advances in GANs and
VAEs, driven by developments in large‐scale models and integration with techniques such as self‐attention
mechanisms and diffusion models, have further improved their ability to characterize aquifer heterogeneity
and reduce parameter dimensionality (Cui et al., 2024; Zhang et al., 2024). These improvements have led to more
accurate representations of complex geological structures and better handling of spatial correlations in parameter
fields.

Third, DL enables the development of reverse networks that directly map observation data to model parameters.
This can be achieved through two main approaches: data‐driven methods that learn inverse mapping from
extensive training samples, and tandem neural network architectures that combine forward and reverse networks
(Sun et al., 2023) (See Figure 8). In the context of inverse modeling, DL facilitates the creation of reverse net-
works that directly infer model parameters from observation data. This direct mapping is achieved through su-
pervised learning, where the network is trained on a data set comprising pairs of parameters and corresponding
observations generated from forward simulations. The power of DL lies in its ability to learn highly nonlinear and

Figure 7. The schematic diagram of: (a) Image‐translation‐based surrogate
model and (b) Physical informed surrogate model (modified from Zhan
et al. (2023)).
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complex mappings, which are prevalent in inverse problems where the relationship between parameters and
observations is intricate (Arridge et al., 2019). Unlike traditional optimization‐based inversion methods that
necessitate iterative forward simulations, DL‐based inverse models can provide parameter estimates in a single
forward pass once trained, offering substantial computational savings. Additionally, architectures such as tandem
neural networks couple forward and reverse networks, allowing for end‐to‐end training that optimizes both the
surrogate model and the inverse mapping simultaneously (Zhan et al., 2025). This integrated approach can lead to
improved accuracy and efficiency in parameter estimation (Chen et al., 2021). These approaches eliminate the
need for repeated forward simulations during the inversion process, significantly improving computational
efficiency.

Furthermore, DL models can be integrated with existing data assimilation algorithms to enhance their perfor-
mance, either by learning the updating mechanism directly, developing error covariance matrices, or combining
results from multiple algorithms (Zhang et al., 2020). Moreover, DL can be seamlessly integrated into existing
data assimilation frameworks to enhance their performance. For example, in ensemble‐based methods such as the
ensemble Kalman filter (EnKF), DL can be employed to learn the error covariance matrices from data, thereby
capturing non‐Gaussian and nonlinear dependencies that are often approximated in traditional approaches (Cheng
& Qiu, 2022). By leveraging historical data or simulations, DL models can provide more accurate representations
of the error statistics, leading to better assimilation results. Furthermore, DL can be used to learn the updating
mechanism directly, predicting parameter adjustments based on observation discrepancies (Arcucci et al., 2021).
This data‐driven approach can result in more accurate and efficient assimilation processes, particularly in systems
characterized by complex dynamics and high‐dimensional state spaces. Additionally, DL facilitates the combi-
nation of multiple data assimilation algorithms, allowing for the integration of strengths from different methods to
achieve superior parameter estimation (Lang & Qiu, 2021; Tsuyuki & Tamura, 2022). This integration has shown
promise in improving the accuracy and efficiency of ensemble‐based methods, leading to more reliable parameter
estimations in complex hydrogeological systems (He et al., 2025).

The advantages of DL in inverse modeling extend to specific applications such as monitoring network design and
contaminant source identification. In monitoring network design, DL approaches serve as efficient surrogate
models for uncertainty quantification and can handle non‐Gaussian parameter fields and complex uncertainty
scenarios (J. Chen et al., 2022; X. Song et al., 2023). Their ability to process both spatial and temporal data makes
them particularly suitable for optimizing monitoring networks in heterogeneous aquifer systems. In contaminant
source identification, DL models can simultaneously consider multiple parameters, including source character-
istics and aquifer properties, providing more comprehensive solutions than traditional methods (Bai & Tahma-
sebi, 2022; Mo et al., 2019). The capability to establish nonlinear relationships between source parameters and
contaminant distributions enables rapid and accurate source identification, which is crucial for environmental
remediation efforts (Zheng et al., 2023).

In inverse modeling, DL models fully utilize their advantages in time series prediction and spatial data analysis,
and even combine the advantages of these two aspects (Ma et al., 2022). For example, in surrogate model
construction, concentration and water level at different times not only have temporal correlations, but the con-
centration and hydraulic head distribution fields at different times can also be treated as image data (Tang

Figure 8. The flowchart for constructing a reverse mapping based on data‐driven approaches.
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et al., 2021). Thus, DL models can consider both temporal and spatial correlations simultaneously, achieving
more accurate predictions. Additionally, the capability of DL models to identify nonlinear relationships also
enables their widespread application in identifying and characterizing various unknown relationships, such as the
relationship between observation errors and parameter update amounts in data assimilation algorithms (Zhang
et al., 2020).

Overall, the application of DL models in inverse modeling mainly brings improvements in efficiency and ac-
curacy. The former benefits from the application of DL models to advanced hardware, whereas the latter mainly
relies on a large amount of data to achieve (C. Zhan et al., 2024). The advantages of DL models in the application
of inverse modeling are undoubtedly significant, and they have even given rise to entirely new inversion methods,
such as inverse networks (N. Wang et al., 2024), which were difficult to achieve with non‐DL models. However,
because of the difficulty in obtaining training data and the long training time of DL models in practical appli-
cations, most of the studies in inverse modeling are still in the testing phase, and there is a lack of research on field
applications.

3. Challenges and Limitations of DL‐Based Hydrogeological Modeling
DL has proven to be a powerful tool in various scientific domains including hydrogeological modeling due to its
capacity to handle large and complex data sets, potentially offering more accurate predictions than traditional
methods (Zhi et al., 2024). Although DL has achieved significant success in fields such as autonomous driving,
facial recognition, and natural language processing, its application in hydrogeological modeling has not been as
straightforward. Most research in this area, particularly over the last 5 years, has been limited to theoretical case
studies or laboratory tests. The specific challenges and limitations unique to the deployment of DL in hydro-
geological simulation have hindered its practical application in solving real‐world hydrogeological modeling
problems (Xu & Zhang, 2024). This section aims to provide an objective analysis of various DL applications in
hydrogeological simulation. By examining the strengths and weaknesses of these models, we will elucidate the
main challenges and limitations currently hindering the application of DL in hydrogeological modeling.

3.1. Data Availability and Quality

Hydrogeological models are complex and need to capture various physical processes that are influenced by many
factors such as soil type, rock structure, climate conditions, and human activities, among others (Tao et al., 2022).
For DL models to accurately learn and predict these intricate processes, a substantial volume of high‐quality data
is imperative (Goswami et al., 2022; Lever et al., 2016; H. Wang et al., 2023). The rapid development of DL
models has, to some extent, been facilitated by the advent of “big data.” Yet, the inherent nature of groundwater
systems, being concealed deep beneath the earth's surface, poses a substantial challenge for direct measurement
and monitoring (Condon et al., 2021; Kumar, 2014). Typically, data collection for groundwater relies on methods
such as drilling and observation wells. The high cost of drilling dictates that groundwater monitoring networks are
inherently sparse (Ohmer et al., 2022). In some remote or resource‐limited areas, there might be an absence of
usable data. Additionally, groundwater data, especially those related to water wells, might be privately owned or
subject to privacy constraints (Fitch et al., 2016; Gewin, 2016), further their limiting availability for modeling
purposes.

Besides, certain types of data required for hydrogeological models are challenging or impossible to obtain through
observational means. The data acquired through existing technologies may not be representative, potentially
capturing only a subset of the characteristics of the subject of prediction. For instance, as mentioned in Section
2.3.3, the identification of aquifer structures requires many samples. However, acquiring these samples through
current observational techniques is challenging, and the features of aquifer structures obtained through
geophysical methods or outcrop observations may not fully represent the true characteristics of the aquifers (Dai
et al., 2019; Ikard et al., 2023; Scheibe et al., 2015).

The unique challenge of data scarcity in groundwater systems means that for most hydrogeological modeling
tasks, the “big data” desired, and likely required, by DL models is not available. This limits the features that DL
models can learn, thereby hindering their full potential (Chilton & Foster, 2024). In scenarios of limited data, the
performance of DL models may not be as effective as some traditional process‐based models or certain machine
learning algorithms that require fewer data samples (Wunsch et al., 2021).
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Moreover, even with an abundance of groundwater data, the long‐term monitoring data, typically reliant on
sensors buried underground, is susceptible to various unforeseeable factors due to the complexity of the sub-
surface environment. This may lead to measurement errors and potential missing values in groundwater data sets,
rendering them incomplete. The potential high error rates in groundwater data, compounded by data scarcity,
inevitably introduce bias and uncertainty into the models (Rojas et al., 2008). Therefore, when employing DL for
hydrogeological modeling, not only is a cautious approach needed in data collection, cleaning, and preprocessing,
but also a focus on techniques for handling missing data and learning from unbalanced or sparse data sets is
essential (Fu et al., 2022; Zhou et al., 2020).

3.2. Model Interpretability and Explainability

In applying DL models to hydrogeological modeling, a key issue is their interpretability and explainability (Shen
et al., 2023). Interpretability refers to whether a model can clearly show why and how it came to its conclusions
based on the data it was given. Explainability involves understanding how the model's design and settings in-
fluence its conclusions (Tsang & Benoit, 2023).

In hydrogeological modeling, the goal is not just to predict what will happen, but to understand the physical
processes behind these predictions. Traditional hydrogeological models, such as MODFLOW, allow users to see
intermediate steps in the modeling process, helping to explain how different factors affect the results. Another
useful application is using modeling for hypothesis testing of alternatives through simulation (much lower cost
than experimental approaches) which can evaluate the effect of multiple individual processes that may be coupled
in natural systems. This can also support investigation of conditions in the past or future. In contrast, DL models
often do not provide this level of clarity, making it hard for researchers to understand why the model makes
certain predictions (Das & Rad, 2020). This lack of clear explanation can prevent new and important insights into
how groundwater systems work.

Moreover, for a tool to be widely accepted, especially in a vital area such as water resource management, those
who using it—including policymakers and practitioners—need to trust it. If a DL model works such as a “black
box” with its internal workings hidden, it can make people skeptical, slowing down or even preventing its
application in real‐world groundwater management, despite its potential for highly accurate predictions (Lee &
Kam, 2023; Novakovsky et al., 2023; Singha et al., 2020).

When predictions are inaccurate, the challenges to the interpretability of DL models become more evident. If we
cannot easily understand the structure of the model or how the settings influence the input, then adjusting the
model becomes a guessing game (Saeed & Omlin, 2023). This approach is not only inefficient but also makes it
difficult to select the optimal model settings (Lever et al., 2016). The inability to systematically identify and
correct model errors will undoubtedly hinder the application of DL‐based hydrogeological modeling in practice,
as it makes it difficult for users to determine whether the problem lies with the input data, model parameters, or
model structure when the model makes incorrect predictions.

Therefore, although DL models bring great hope for more accurate and efficient hydrogeological modeling, their
lack of clear interpretability and explicability also poses significant challenges. These issues affect their use-
fulness for scientific research, their credibility to decision‐makers, and their overall effectiveness in practical
applications. Overcoming these challenges is crucial for the effective use of DL models in hydrogeological
modeling (Jiang et al., 2024).

3.3. Model Performance and Evaluation

Although we have demonstrated the advantages of DL in hydrogeological applications through typical appli-
cations in Section 2, there are still certain challenges in achieving the reported performance in practical appli-
cations. One of the prominent issues is that DL models are prone to overfitting, especially when there is a lack of
enough representative data. Overfitting means that the model performs well on the training data but poorly on
new, unseen data (Rice et al., 2020; Ying, 2019).

The poor generalizability of the model is usually caused by both the training data and the model structure. First,
for groundwater systems, observation data are mostly limited, and DL models might capture specific patterns of
the training data too closely. The reliance of DL models on large data sets and computational power does not
necessarily translate into an understanding of hydrogeological principles, thus failing to learn broader,
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generalizable trends (Nearing et al., 2021). Additionally, DL models might further exacerbate this problem when
dealing with small data sets or data sets with many outliers. Most existing studies adopt “shortcut learning” to
circumvent this problem, that is, by carefully designing training data and prediction targets to ensure the
representativeness of the training data, thus avoiding the problem of poor generalizability. This leads to models
that appear effective in controlled test scenarios but perform poorly in real‐world applications where conditions
are more complex and less predictable (Geirhos et al., 2020). This gap in performance is especially problematic in
hydrogeological modeling, where environmental and hydrological processes are constantly changing.

On the other hand, the problem may also come from unreasonable model structure choices and hyperparameter
settings. For example, without using the residual network, increase in the depth of DL models could cause an
exacerbation of overfitting (Bejani & Ghatee, 2021; Srivastava et al., 2015). The learning rate in hyperparameters,
which can be simply regarded as the magnitude of each iteration's update to the network parameters by the DL
model, also needs to be matched with the number of training samples each time (Wu et al., 2019).

In the field of hydrogeological modeling, the lack of unified standards for evaluating DL models makes the
selection of DL model structures and hyperparameters even more complex. At the same time, the absence of
common benchmarks makes it difficult to compare and replicate study results, and researchers often struggle to
achieve the performance levels reported in existing literature when applying similar models to their tasks (Cheng
et al., 2020; L. Liu et al., 2018). This situation poses challenges for researchers and developers in choosing the
most appropriate model or determining effective strategies for model improvement. Much effort is diverted to
replicating various algorithms rather than focusing on their application and enhancement.

Therefore, despite the great potential of DL models in improving hydrogeological modeling, their application is
hindered by issues such as overfitting, generalization, and the lack of standardized evaluation metrics (T. Xu
et al., 2024). Addressing these challenges is vital for ensuring that DL are both practical and reliable for real‐world
hydrogeological applications.

3.4. Computational Complexity and Resource Requirements

Although DL models excel in complex network structures supported by advanced computational hardware, the
scale of data in hydrogeological simulations is vastly larger than typical applications such as image processing.
For instance, in solute transport models, grid cells can number in the tens or hundreds of thousands, or even
millions—orders of magnitude greater than the pixel resolution commonly used in image‐based DL tasks (e.g.,
32 × 32 or 64 × 64) (Prommer et al., 2003). Image resolutions often result from downscaling higher‐resolution
natural images. In computer vision, this process is justified because it offers computational gains. It also
frequently preserves the salient visual features necessary for tasks such as object recognition (Kim et al., 2018).
However, applying a similar reduction in scale to hydrogeological models is profoundly problematic. Upscaling
hydrogeological models, analogous to coarsening the simulation grid, can lead to the loss of critical physical
information (Durlofsky, 2003). This includes the misrepresentation of fine‐scale aquifer heterogeneity, which
governs groundwater flow paths and solute dispersion, and the inadequate characterization of localized boundary
conditions or small‐scale features such as preferential pathways that exert significant control on the groundwater
system's behavior (Zehe et al., 2021). The loss of these features does not merely reduce detail but can funda-
mentally alter the simulated physical processes, rendering model predictions unreliable. Consequently, the
effective informational scale required for a single hydrogeological model to adequately capture these essential
process‐governing features can be several hundred to a thousand times larger than that of a typical downscaled
image employed in DL applications (de Graaf et al., 2015). As a result, most existing DL applications in hy-
drogeology focus on limited‐scale problems due to resource constraints, whereas large‐scale regional simulations
remain rare. The primary limitation arises from insufficient computational resources, especially in terms of
accessible GPU capabilities, which are often inadequate for training such large models (Gao et al., 2020).
Consequently, as model complexity increases, there is a growing demand for supercomputing resources to train
and deploy DL models effectively at scale, which remains a barrier to their widespread application in hydro-
geological modeling (Bergen et al., 2019; K. Li et al., 2023).

DL models, especially those with numerous layers (deep networks), tend to be computationally intensive. In
hydrogeological modeling, this computational intensity is further compounded by the complexity of the data sets.
These data sets are often characterized by high‐dimensional grids (e.g., 2D or 3Dwith a large number of cells), the
need to capture highly heterogeneous geological formations, and the representation of nonlinear physical
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processes such as fluid flow and solute transport. Moreover, the sheer volume of data, which may include multiple
time steps and various hydrogeological variables, exacerbates the computational burden. They involve a vast
number of parameters that need optimization, a process often entailing complex mathematical computations. To
effectively handle this complexity, DL architectures must be carefully designed. For instance, CNNs are
frequently employed due to their ability to efficiently process spatial data, whereas RNNs or LSTMs may be
utilized to model temporal dependencies. However, these sophisticated architectures typically require a large
number of layers and parameters, which in turn demand significant computational resources.

When dealing with large data sets or sophisticated models, computational complexity can become a limiting
factor (Justus et al., 2018). This complexity can slow down the training process significantly: depending on the
complexity of the model and the size of the data set, training a DL model can take from several hours to days, or
even weeks. For example, in a study by Zhan, Dai, Samper, et al. (2022), a DL model named DOCRN was
developed for a 100 × 80 grid in a 2D conservative solute transport simulation. Training this model on an
NVIDIA Tesla V100s GPU required 5 hr. Once trained, DOCRN could generate concentration and head dis-
tribution fields in less than 0.2 s, whereas the traditional numerical model, TOUGHREACT, took approximately
10 s per simulation. However, in the context of a data fusion algorithm that required 40,000 forward simulations,
the total time for the traditional approach would be about 111.1 hr. In contrast, the DL approach necessitated
generating 10,000 training samples (taking 27.8 hr), training the model (5 hr), and performing 40,000 predictions
(2.2 hr), totaling approximately 35 hr. Thus, the overall efficiency gain was around 3 times, which, although
beneficial, is less striking than the individual prediction speedup might suggest. This illustrates that for appli-
cations requiring a smaller number of simulations, the upfront cost of training a DL model may not be justified.
Particularly for large‐scale models, the training time alone can be longer than the simulation time using traditional
algorithms, potentially offsetting the computational efficiency advantages brought by DL models.

In summary, although DL models promise significant advancements in hydrogeological modeling, their practical
application is often hampered by the high computational complexity and the substantial resources they require.
Balancing the need for advanced modeling capabilities with the available computational resources remains a
crucial challenge in integrating DL into hydrogeological modeling. This challenge is particularly pertinent for
researchers and practitioners who may not always have access to the necessary high‐end computational
infrastructure.

4. Potential Solutions and Future Directions
Having comprehensively delineated the multifaceted challenges and inherent limitations currently impeding the
widespread and effective application of DL in hydrogeological modeling in the preceding section, this chapter
pivots toward a forward‐looking exploration of promising solutions and strategic future research trajectories. The
subsequent sections will systematically address key domains requiring concerted advancement. These include:
Innovative strategies to surmount data‐related impediments, encompassing availability and quality; robust ap-
proaches to bolster model interpretability and explainability, thereby moving beyond opaque “black box” par-
adigms; dedicated pathways to elevate model performance, with an emphasis on generalizability, reliability, and
the establishment of standardized benchmarks; and emergent innovations in computational capabilities designed
to address the intensive resource demands inherent to sophisticated DL models.

4.1. Data‐Related Directions

In the application of DL to hydrogeological modeling, the limitations arising from data handling and management
are significant. A thorough examination of these challenges highlights a fundamental fact: The success of DL
models in this field is deeply intertwined with the quality and processing of data (X. Li et al., 2023). Issues such as
limited data availability, low data quality, and inadequate data processing techniques have hindered the effective
implementation of DL in hydrogeological modeling. The lack of comprehensive and diverse data sets often cause
models that do not perform well in real‐world scenarios, suffering from issues such as overfitting and limited
capability to apply learned knowledge to new situations (Alzubaidi et al., 2021).

Addressing these data‐related challenges is crucial for the advancement of DL in hydrogeological modeling. This
can be approached from several key directions: data collection and sharing, data pre‐processing, and data syn-
thesis (See Figure 9). Each of these studies offer a pathway to potentially mitigate existing limitations and
enhance the capability of DL models.
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4.1.1. Data Collection and Data Sharing

In DL‐based hydrogeological modeling, acquiring a large volume of data is a key first step to developing reliable
and robust models. As previously discussed, obtaining comprehensive groundwater data presents numerous
challenges. This section explores potential strategies to mitigate these difficulties.

The importance of gathering data from multiple sources cannot be overstated. Often, data from a single source is
limited and might not provide the complete information required for accurate prediction models. By integrating
various types of data, we can achieve a more holistic view (Schilling et al., 2019). For instance, in hydrological
forecasting, besides historical water level data, incorporating climate data and information about rare events can
enhance the model (Rajaee et al., 2019). In identifying aquifer structures, limited borehole data can be com-
plemented with hydrological observations (e.g., water levels and concentrations) and geophysical data to form a
more accurate picture (Ikard et al., 2023; Jardani et al., 2022; Pearson et al., 2022; Rucker et al., 2021; Zhan, Dai,
Soltanian, & de Barros, 2022).

To collect such diverse data sets, advanced data collection technologies must be fully utilized and developed
further. Technologies such as satellite remote sensing, drones, and the Internet of Things (IoT) can significantly
broaden the amount and range of data collected. Remote sensing, for instance, can provide spatial data over vast
areas (Adams et al., 2022; Ma et al., 2015), whereas IoT sensors can offer continuous monitoring of groundwater
levels and concentrations, enriching time sequence data (Ighalo et al., 2021). The advancement of these tech-
nologies marks a step toward a “big data” era in hydrogeological modeling.

Data sharing plays a crucial role in improving the accessibility, interoperability, and reusability of research data,
which are essential for discovery and accelerating scientific progress (Gewin, 2016). DL models depend on large,
diverse data sets for training and optimization. Sharing data can provide a wider range of resources, enhancing the
model's capability to generalize and improve accuracy. Furthermore, data sharing can help establish standardized
problems in hydrogeological modeling, reducing the occurrence of shortcut learning and promoting research
transparency and replicability (Geirhos et al., 2020). Governments and academic institutions worldwide are
recognizing the importance of data sharing (Lattu, 2023; Sicilia et al., 2017). In the hydrogeology field, initiatives
including the Global Groundwater Information System (GGIS) (https://www.un‐igrac.org/global‐groundwater‐
information‐system‐ggis) demonstrate the importance of creating open, standardized databases and promoting
data sharing for democratizing data access.

The effective application of DL in hydrogeological modeling is heavily dependent on the strategic collection and
sharing of data from multiple sources. By integrating different types of data and leveraging advancements in data
collection technologies, alongside promoting data sharing, we can significantly improve the performance and
applicability of DL models in hydrogeological studies. These efforts go beyond merely collecting more data; they

Figure 9. The data‐related future Directions in DL‐based hydrogeological modeling: Data fusion, building public databases,
data augmentation, data synthesis and data cleaning.
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aim to make data more meaningful and accessible, paving the way for more informed and impactful hydro-
geological modeling.

4.1.2. Data Pre‐Processing

In hydrogeological modeling, data preprocessing plays a crucial role in the development of DLmodels (Bernhardt
et al., 2022). Unlike other fields, such as surface water monitoring, groundwater systems present more complex
and variable environments due to their underground nature. This complexity affects both the accuracy and sta-
bility of the data collected by sensors, leading to higher levels of errors, noise, and missing data compared to
surface water data sets (Jeong et al., 2020; Z. Wang et al., 2024). Proper preprocessing is essential to address these
challenges and improve model performance.

The preprocessing workflow typically starts with data cleaning and anomaly detection, which involves removing
duplicates, correcting errors, and identifying outliers (Ariyaluran Habeeb et al., 2019). Groundwater data, often
containing various errors due to challenging sensor environments, can significantly skew DL models if left
unaddressed (Oladeji et al., 2024). In addition, missing data are common in groundwater data sets (Gao, 2017).
Filling these gaps is essential for reducing bias, with methods such as estimation techniques or DL‐based ap-
proaches such as GANs (Vu et al., 2021). Moreover, hydrogeological time series often exhibit vastly different
data collection frequencies due to varied sensor deployment, operational factors, or historical practices. Such
temporal heterogeneity can bias models and impair the learning of true temporal dependencies by DL archi-
tectures, especially recurrent networks designed for sequential data processing, thereby diminishing predictive
reliability (Retike et al., 2022). Resampling techniques are often essential to standardize the data sets to a
consistent time interval, ensuring compatibility for integrated analysis (Pazola et al., 2024). This temporal reg-
ularization is vital for standardizing input sequences, mitigating biases induced by irregular sampling intervals,
and ultimately improving the robustness and accuracy of DL‐based hydrogeological predictions.

Another critical step is feature engineering, particularly for handling the heterogeneous nature of groundwater
data. Groundwater data sets often come frommultiple sensors, capturing diverse information, including chemical,
physical, and hydrological properties (Manzione & Castrignanò, 2019; Shao et al., 2022). This results in a wide
variety of data formats and structures, making it a challenge to integrate these multi‐source, heterogeneous data
sets into a form suitable for DLmodels. Addressing this challenge is key to successful hydrogeological modeling.
One approach involves using DL techniques to develop automated methods for extracting and processing data
from these diverse sources (Lawley et al., 2023). Such techniques can streamline the conversion of raw, het-
erogeneous data into a unified format that DL models can interpret.

At the same time, feature engineering plays a vital role in extracting meaningful information from multi‐source
data sets. By applying feature engineering techniques, important attributes such as scaling, normalization, and the
creation of new interaction terms can be introduced to ensure that relevant patterns and relationships within the
data are properly captured (Zheng & Casari, 2018). This process not only refines the data but also makes it more
suitable for model training (Verdonck et al., 2024), improving the accuracy and reliability of DL models in
hydrogeological applications.

In summary, among the potential future developments in DL‐based hydrogeological modeling, the establishment
of standardized preprocessing workflows appears to be the most immediately feasible option. Given the current
volume of data and available technologies, such standardization could significantly advance the application of DL
models in this field. For many researchers, the challenge of handling raw, heterogeneous data are often the first
and most time‐consuming step. Optimizing this process could accelerate progress in applying DL to groundwater
modeling.

4.1.3. Data Synthesis

In the realm of hydrogeological modeling, where data acquisition is often expensive and slow, the role of data
synthesis becomes crucial. Data synthesis involves creating artificial data through computational simulation
based on a small set of real‐world data, accurately reflecting the information characteristics of the original data set
(Mannino & Abouzied, 2019). This method significantly reduces the need to obtain large volumes of data from
the real world, allowing for rapid acquisition of necessary information (Bourou et al., 2021; Rees et al., 2020).
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Notably, in tasks requiring labeled data, data synthesis can automatically generate labels, providing a streamlined
approach to data preparation (Sixt et al., 2018).

The heterogeneity of groundwater systems in both time and space, such as the temporal variability of groundwater
levels and the heterogeneity of aquifer structure, presents another advantage of data synthesis (Pulla et al., 2024).
Data obtained from limited observation points may not encompass all the informational characteristics of the
system. Especially for extreme scenarios, synthesizing training data for such conditions is vital for hydro-
geological simulation, a task closely linked to human life and safety (e.g., flooding, mine collapse, or land slide).
Diverse training data sets generated through synthesis can lead to more precise DL models, capable of handling a
wide range of scenarios, including those that are rare or extreme (Nik, 2016).

Regarding methods of data synthesis, we can consider traditional process‐based or stochastic models, as well as
generative AI models (Fonseca & Bacao, 2023). Traditional models, which are grounded in specific physical
equations, can simulate hydrogeological scenarios to produce synthetic data. For instance, groundwater numerical
models such as MODFLOW coupled with MT3D can simulate real‐world contaminant transport, providing data
for solute transport simulation and groundwater contamination risk prediction in DL models. To ensure the
synthetic data are reasonable, these process‐based models should be calibrated using available observational data.
This calibration allows the models to better represent the system's characteristics, thereby generating synthetic
data that is more accurate and applicable. Conversely, some data types that are not easily modeled through
traditional processes can be estimated using statistical characteristics of real data. For example, Zhan, Dai,
Soltanian and Zhang (2022) used borehole data to calculate transition probabilities between different lithologies
and generated numerous potential aquifer structures for training a variational autoencoder‐based aquifer structure
generation model.

In the context of deep learning, generative models such as GANs and VAEs can produce highly realistic and
complex data (Park et al., 2018; Wan et al., 2017). However, a critical consideration when employing generative
AI is the risk of “hallucinations”—instances where models generate plausible‐appearing but physically unrealistic
or entirely fictitious patterns that do not correspond to actual hydrogeological phenomena. This is particularly
concerning in hydrogeological applications where synthetic data must adhere to fundamental physical laws.
However, to ensure that the generated data adheres to physical principles, especially in data‐sparse scenarios, it is
beneficial to incorporate physical constraints into these models. To mitigate hallucination risks, several strategies
should be implemented: (a) Systematic cross‐validation against fundamental physical laws, (b) incorporation of
domain expertise in the model design and evaluation process, and (c) rigorous statistical comparison between
synthetic and real data distributions to identify anomalous patterns. PINNs, which embed physical laws into the
learning process (Raissi et al., 2019), have been successfully applied to hydrogeological problems, such as
modeling groundwater flow (Secci et al., 2024), and can be adapted for generative tasks to enhance the physical
consistency of synthetic data.

Regardless of the method used, rigorous validation of synthetic data sets against available real data and estab-
lished hydrogeological knowledge is essential to confirm their utility and reliability. This validation must spe-
cifically address whether generative AI outputs represent authentic hydrogeological conditions rather than
artifactual patterns, requiring both quantitative metrics and expert geological interpretation. This validation
process helps ensure that the synthetic data accurately reflects the system's behavior and can be confidently used
to train DL models for hydrogeological applications.

To conclude, data synthesis offers a powerful tool for hydrogeological modeling, enabling the generation of
diverse and comprehensive data sets necessary for training robust DL models. Through a combination of
traditional modeling techniques and advanced generative AI, researchers can create detailed and varied data sets
that enhance the precision and applicability of DLmodels in this critical field. As the field evolves, these synthetic
approaches are becoming increasingly important in overcoming data limitations and driving forward the capa-
bilities of DL in hydrogeological modeling.

4.2. Interpretability‐Related Directions

In the application of DL methods for hydrogeological modeling, a significant challenge lies in the areas of
interpretability and explainability (Razavi, 2021). These models, often perceived as “black boxes,” do not provide
enough information for understanding how and why certain predictions are made. This lack of clarity in the
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decision‐making process can hinder the acceptance and trust in DL models, especially in the field of hydroge-
ology where understanding the underlying processes is as crucial as the predictions themselves.

Improving the interpretability and explainability of DL models is essential for their broader application and
acceptance in hydrogeological modeling. Enhanced interpretability not only bolsters confidence in the models
among scientists and decision‐makers but also aids in identifying and rectifying errors, thereby improving the
overall accuracy and reliability of the models (Carvalho et al., 2019; Yoon et al., 2022). To address these
challenges, three promising directions emerge: physics‐informed DL, explainable DL, and interpretable DL
(Figure 10).

Physics‐informed DL integrates known physical laws and principles into the learning process, providing a
foundational understanding of the model's outputs (Xu & Zhang, 2024). Explainable DL, meanwhile, focuses on
developing models with a more transparent decision‐making process. This transparency allows users to under-
stand how the model's design and settings influence its conclusions, providing insight into the broader impact of
the model's structure on its outputs (Barredo Arrieta et al., 2020). Interpretable DL goes further, aiming to create
models where not only are the internal mechanisms transparent, but they also allow for an intuitive understanding
of the causal relationships between input features and output predictions (X. Li et al., 2022). This enables
stakeholders, including hydrogeologists and non‐experts, to grasp the logic behind the model's decisions.

These approaches represent a spectrum, from easier to more complex, in enhancing the interpretability and
explainability of DL models. Each offers a potential pathway to overcome the interpretability and explainability
challenges in DL applications for hydrogeological modeling, progressively building toward models that are not
only powerful in prediction but also clear and understandable in their reasoning.

Figure 10. The model‐related future directions in DL‐based hydrogeological modeling include those related to
interpretability (Physics‐informed neural networks, Explainable and Interpretable AI), model performance (Semi‐supervised
learning, Self‐supervised learning, Unsupervised learning, Transfer learning, Ensemble learning, Hybrid modeling, Meta
learning and Building benchmarks).
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4.2.1. Physics‐Informed Deep Learning

Physics‐informed deep learning (PIDL) has emerged as a transformative approach in scientific computing,
particularly in subsurface modeling where integrating physical laws with data‐driven models is essential. By
embedding physical knowledge into machine learning frameworks, these methods enhance interpretability,
generalizability, and scientific consistency. This integration can be achieved through various strategies, such as
incorporating physical equations into loss functions, designing physics‐inspired architectures, or combining
traditional numerical methods with machine learning. As subsurface systems often exhibit complexity that
challenges purely data‐driven or physics‐based approaches, physics‐informed machine learning provides a
promising path forward, with multiple methodologies contributing to its advancement.

One prominent method is Physics‐Informed Neural Networks (PINN), which embed physical equations directly
into the training process by augmenting the loss function with terms that enforce adherence to known physical
laws (Lagaris et al., 1998). This ensures predictions are both data‐consistent and physically plausible. PINN has
been successfully applied to subsurface problems, such as groundwater flow modeling (Raissi et al., 2019;
Tartakovsky et al., 2020) and solute transport (N. Wang et al., 2021). For instance, in modeling solute transport,
the convection‐dispersion equation is integrated into the loss function to ensure credible predictions. However,
PINN faces challenges, including difficulties in balancing multiple loss terms and high computational costs for
large‐scale problems (Cuomo et al., 2022).

Neural operators offer another powerful framework designed to learn mappings between function spaces, making
them well‐suited for solving partial differential equations (PDEs) that govern subsurface processes. Unlike
traditional neural networks, which handle fixed‐dimensional inputs, neural operators such as Fourier Neural
Operators (FNO) (Z. Li et al., 2020) and Deep Operator Networks (DeepONet) (Lu et al., 2021) can process
infinite‐dimensional data, effectively approximating the solution operators of PDEs. In subsurface applications,
they can model complex phenomena such as multiphase flow or heat transfer in porous media. For example, Sun
et al. (2024) demonstrated the application of DeepONet in hydrologic modeling, improving streamflow prediction
accuracy by bridging ensemble simulations and machine learning. Once trained, neural operators can rapidly
evaluate solutions for new parameters or conditions, offering a computationally efficient alternative to traditional
numerical solvers. This efficiency is particularly valuable for real‐time prediction or uncertainty quantification in
studies such as reservoir simulation and groundwater flow.

Neural Differential Equations (NDEs) provide a flexible approach for modeling dynamic systems by parame-
terizing derivatives with neural networks (R. T. Chen et al., 2018). This property is particularly useful in sub-
surface modeling, where physical equations might be only partially known or analytically intractable. Their
ability to capture complex nonlinear behavior while maintaining physical constraints makes them suitable for
hydrogeological applications where data are often scarce. By merging data‐driven insights with physical con-
straints, NDEs enhance predictive accuracy and adaptability in subsurface environments.

Beyond PINNs, physics‐embedded machine learning encompasses a broader range of techniques that respect
physical symmetries or conservation laws through feature engineering or architectural design. Hybrid models,
which integrate traditional numerical solvers with machine learning, also fall under this category. Song
et al. (2025) proposed a multi‐scale differentiable PIDL method for high‐resolution, national‐scale hydrologic
modeling, significantly improving streamflow prediction accuracy. In subsurface modeling, such approaches can
leverage the precision of physical simulators for well‐understood processes while using machine learning to
handle complex or uncertain components, striking a balance between fidelity and flexibility.

Differentiable programming further advances the field by enabling end‐to‐end differentiable computational
pipelines, allowing for the seamless integration of physical models and neural networks. This paradigm supports
the joint optimization of model parameters and physical constants, enhancing predictive accuracy and consistency
(D. Feng et al., 2024; Sawadekar et al., 2025). For instance, Shen et al. (2023) proposed differentiable modeling,
which combines process models with DL. This approach connects a variable amount of prior physical knowledge
to DL models, enhancing interpretability, generalizability, and extrapolation capabilities, and achieving accurate
predictions even with less data.

In the past 3 years, the application of Physics‐informed DL in hydrogeological modeling has made significant
progress, emerging as a highly active research area (Cai et al., 2022; Cai et al., 2024; Jiang et al., 2022; Y. Zhan
et al., 2024). Studies have shown that under physical constraints, DL‐based hydrogeological models can achieve
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superior performance with limit data (N. Wang et al., 2024). This is particularly valuable for hydrogeological
systems where obtaining extensive data sets can be challenging. However, despite these advancements, chal-
lenges remain. Although Physics‐Informed DL ensures that model outputs are constrained by physical laws, the
exact manner and extent to which these equations influence the results are still not fully understood. This gap
highlights the need for further research in Explainable and Interpretable DL, which focuses on making the inner
workings of these models more transparent. Understanding how physical equations shape the model's predictions,
and identifying the key factors that drive these outputs, is crucial for improving model interpretability. These
efforts are essential for advancing Physics‐Informed DL beyond its current state, ensuring that it not only pro-
duces physically consistent results but also offers clearer insights into the underlying mechanisms that govern
those outcomes (Jiang et al., 2024).

4.2.2. Explainable and Interpretable Deep Learning

DLmodels excel at capturing complex relationships in hydrogeological data, such as predicting groundwater flow
or contaminant transport based on aquifer properties and environmental conditions. However, their complexity
often obscures how predictions are made, which is critical for building trust and informing management decisions
in hydrogeology (Gorelick & Zheng, 2015). Two approaches—explainable DL and interpretable DL—address
this by making models more transparent and their outputs easier to understand.

The application of Explainable Deep Learning (Explainable DL) in hydrogeological modeling is driven by the
need to understand which inputs have the most significant impact on model decisions, thereby improving users'
trust and usability of existing DL models. It involves explaining how models extract and utilize information from
geological and hydrological data and how this information influences predictions about groundwater flow, aquifer
recharge, or contaminant transport (Kwak & Lee, 2024).

Although not yet widely applied in hydrogeological simulation, various common methods of Explainable DL
could be considered for future integration into DL‐based hydrogeological models (Dahal et al., 2023). Prominent
among these are feature attribution methods, which aim to quantify the influence of each input feature on the
model's output. Methods such as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model‐
agnostic Explanations) focus on feature contribution explanations (Lundberg & Lee, 2017). SHAP, based on
game theory, assigns a “contribution value” to each feature, explaining their impact on model predictions (Niu
et al., 2023). LIME approximates the behavior of a DL model at specific input points using a local linear model,
providing more accessible explanations (Başağaoğlu et al., 2022). For instance, S. Yang, Song, et al. (2023) used
the SHAP method to analyze key factors influencing predictions of mine water inflow, whereas Liu et al. (2022)
applied SHAP to interpret the main drivers behind regional groundwater level changes. However, their use in
complex hydrogeological tasks, such as spatial data analysis or inverse modeling, remains limited due to their
focus on simpler classification and regression problems.

Interpretable DL, by contrast, clarifies how amodel processes inputs internally to produce predictions (Linardatos
et al., 2021). For example, in a model forecasting groundwater levels, it could reveal how the model balances
recent rainfall against long‐term climate trends, shedding light on an aquifer's response to weather patterns.
Current methods often simplify models, using shallower neural networks or distilling complex models into
simpler ones (ElShawi et al., 2021). Another approach is model distillation, where knowledge from a complex
model is transferred to a simpler, more transparent model. This method seeks to maintain high performance while
increasing interpretability (Gou et al., 2021; X. Liu et al., 2018).

Both approaches have limitations. Explainable DL struggles with tasks such as image‐to‐image mapping or in-
verse modeling, which are key in groundwater studies, and most studies rely on a single method, potentially
missing broader insights (Alshehri & Rahman, 2023). Interpretable DL sacrifices performance for clarity, limiting
its ability to handle intricate data. Future research should develop methods tailored to hydrogeological needs, such
as analyzing spatial patterns or incorporating physical laws. Balancing complexity and clarity will be essential to
advancing DL in hydrogeology.

4.3. Model Performance‐Related Directions

This section explores strategies to enhance the performance of DL in hydrogeological modeling, which en-
compasses a holistic approach, focusing on improving model generalizability, accuracy, and the establishment of
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benchmarks, as well as automating the optimization of model parameters and structures (Figure 10). Each aspect
contributes uniquely to advancing the effectiveness of DL models in this domain, addressing the need for models
that are not only theoretically robust but also practically reliable and efficient in diverse hydrogeological
scenarios.

4.3.1. Enhancing Generalizability

The importance of enhancing the generalizability of DL models in hydrogeological modeling cannot be over-
stated. Generalizability ensures that a model performs consistently across various scenarios and data sets, a
crucial aspect for models intended for diverse applications (Tian et al., 2024).

To improve model generalizability, it's essential to consider factors related to the training data, the training
process, and the model architecture (Yoshida &Miyato, 2017). From the data perspective, increasing the diversity
and volume of training data and implementing effective data preprocessing are key steps, as outlined in Sec-
tion 4.1. During the training process, techniques such as early stopping and cross‐validation can help prevent
overfitting, thus improving generalizability (Rice et al., 2020). However, it's noteworthy that many current studies
in DL for hydrogeological modeling do not set aside a validation set, relying only on training and test sets, which
may limit the capability to accurately assess the model's generalizability.

To further improve the generalization capability of the model from the model architecture perspective, it is
necessary to utilize methods such as reinforcement learning, transfer learning, unsupervised learning, semi‐
supervised learning, and self‐supervised learning (Arulkumaran et al., 2017; Singh et al., 2016). These
methods can increase a model's capability to generalize and reduce dependency on extensive labeled data sets.
Transfer learning, for instance, uses knowledge from one task to improve another related task's simulation ac-
curacy, reducing reliance on new task‐specific data (Weiss et al., 2016). Semi‐supervised learning allows models
to learn from both labeled and unlabeled data (X. Yang et al., 2023), and unsupervised learning enables models to
find patterns and structure in unlabeled data (Usama et al., 2019). Self‐supervised learning involves training
models on unlabeled data by generating synthetic labels, offering an innovative approach to model training
(Jaiswal et al., 2021).

Enhancing the generalizability of DL models in hydrogeological modeling requires a multifaceted approach. It
involves not only diversifying and preprocessing training data but also incorporating advanced learning meth-
odologies that reduce overfitting and dependency on labeled data. By employing these strategies, more robust and
adaptable models can be developed, capable of delivering reliable predictions across varying hydrogeological
scenarios.

4.3.2. Improving Reliability

Improving the reliability of DL approaches in hydrogeological modeling is a longstanding and central concern.
High accuracy in these models ensures reliable predictions, which is vital for effective decision‐making and
management.

Initially, to improve reliability, researchers increased the layers in ANNs beyond three, giving rise to early DL
models. This architectural change significantly enhanced the models' capability to depict nonlinear relationships,
thus improving reliability. However, as layers increased, overfitting became more prevalent. The introduction of
residual networks (ResNets) allowed for the use of deeper models with tens or even hundreds of layers, further
advancing reliability (He et al., 2016). Therefore, developing advanced DL architectures remains a key area of
focus. Similarly, developing models tailored to specific data types (e.g., RNNs, CNNs, and graph neural network
(GNNs)), is also vital as these models can extract relevant information more effectively for reliable simulations.

Before revolutionary innovations in model architecture, ensemble models, which combine predictions from
multiple individual models, also enhance reliability (Sagi & Rokach, 2018). These individual models could be all
DL models, all traditional models, or a mix of both. Ensemble models often achieve higher reliability than single
models by averaging out individual errors. They are particularly beneficial when individual models have different
strengths and weaknesses, as the ensemble can leverage these advantages while minimizing drawbacks (Zou-
nemat‐Kermani et al., 2021). Ensemble models also exhibit robustness against overfitting and noise in data since
they rely on multiple models, reducing the risk of the final prediction being overly influenced by any specific
model or data peculiarity. Creating hybrid and ensemble models requires careful design and validation. It's crucial
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to ensure that the models within the ensemble complement each other, having distinct strengths and weaknesses.
Additionally, methods used to combine individual model predictions significantly impacts the performance of the
hybrid or ensemble model, necessitating careful selection and optimization.

4.3.3. Building Benchmarks

Establishing benchmarks in DL for hydrogeological modeling is highly important for successful applications.
Although most studies focus on enhancing model performance, the varying data sets and scenarios used across
different research efforts make it challenging to accurately assess and compare model performance. This lack of
standardized benchmarks hinders the evaluation of the effectiveness of various DL models in hydrogeological
simulation.

To address this, methods for building benchmarks involve identifying common problems or scenarios in
hydrogeological modeling and creating standardized data sets and evaluation metrics. For instance, the 2022
Groundwater Time Series Modeling Challenge (Collenteur et al., 2024) provided a standardized data set of
hydraulic‐head time series from four monitoring wells across diverse hydrogeological settings, enabling the
comparison of data‐driven models such as lumped‐parameter, machine learning, and DL approaches. Perfor-
mance was assessed using metrics such as Nash‐Sutcliffe efficiency (NSE) and mean absolute error (MAE),
applied over a 15‐year calibration period and a 5‐year validation period. Another approach involves synthetic
benchmarking scenarios, as exemplified by (T. Xu et al., 2024), who developed five 2D groundwater flow cases
for inverting hydraulic conductivity from pressure data. These scenarios, varying in heterogeneity and obser-
vation layouts, were paired with high‐fidelity reference solutions generated via Markov chain Monte Carlo
(MCMC) methods, using metrics such as normalized MAE and energy distance to quantify accuracy. This
process includes collating data from multiple sources, ensuring data quality, and defining clear performance
metrics that can be universally applied (Cheng et al., 2024). These benchmarks would then provide a basis for
comparing different models on a level playing field, facilitating an objective evaluation of their performance (W.
Wang et al., 2024).

The process of building benchmarks is complex and lengthy. It requires careful consideration of the diversity of
hydrogeological modeling scenarios and the intricacies of DLmodels. For example, benchmarks must account for
nonlinear responses in transient flow or extreme conditions such as droughts necessitating data sets with sufficient
temporal resolution (e.g., daily or weekly) and spatial coverage. The challenge lies in creating benchmarks that
are representative of real‐world conditions while being fair and applicable to various models (L. Liu et al., 2018).
In conclusion, the development of benchmarks in DL for hydrogeological modeling is a critical step toward a
more systematic and objective assessment of model performance. It will provide a foundation for comparing
different models, fostering a deeper understanding of their strengths and limitations, and guiding future research
and development in this field. Moreover, the integration of open‐source software for machine learning and data
processing is equally vital in advancing open science. Open‐source tools not only facilitate the development and
application of DL models but also ensure methodological transparency and reproducibility, which are critical for
fostering hydrogeological research.

4.3.4. Automatic Optimization of Model Parameters and Structures

The capability of DL models to enhance simulation efficiency is a significant reason for their application in
hydrogeological modeling. However, in practice, the time spent on adjusting model parameters and structures
often surpasses the efficiency gains of the models. In addition, selecting appropriate parameters and structures is
also critical for optimal simulation results, and relying solely on manual trial‐and‐error methods is often insuf-
ficient for finding the best solutions.

To automate this optimization process, methods such as genetic algorithms, grid search, and Bayesian optimi-
zation are employed to explore the parameter space systematically and efficiently (Luo, 2016; Yang &
Shami, 2020). Neural architecture search (NAS) (Ren et al., 2021; Zoph & Le, 2016) and meta‐learning (Vet-
toruzzo et al., 2024) can automatically design model structures based on different data sets, further streamlining
the optimization process.

The application of these automatic optimization techniques in hydrogeological modeling presents unique chal-
lenges. Groundwater systems typically feature less data, greater spatio‐temporal variability, and larger scales
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(Boggs et al., 1992) compared to other fields where DL models are commonly applied. Consequently, DL models
for hydrogeological simulations demand more computational power, have more parameters, and require more
complex structures, making automatic optimization in this domain particularly challenging.

4.4. Computational Capability‐Related Directions

In the evolving landscape of DL applications for hydrogeological modeling, one of the predominant challenges is
the significant demand for computational resources. The complexity and depth of DL models necessitate sub-
stantial computational power, which often poses a barrier, especially in resource‐constrained settings (Mehonic &
Kenyon, 2022; Thompson et al., 2020). Addressing this challenge requires not only maximizing the efficiency of
existing computational resources but also exploring innovative computational paradigms (Zhu et al., 2023). This
section delves into two main directions: the effective utilization of current computational resources and the
adoption of cutting‐edge computational methods.

The first direction involves optimizing the use of current computational capabilities, such as high‐performance
computing (HPC) and cloud computing. Each of these technologies offers unique advantages in processing
large data sets and complex models (S. Wang et al., 2024), which are integral to DL in hydrogeological modeling.
Leveraging these technologies can significantly enhance the efficiency and feasibility of running sophisticated
DL models, making them more accessible and practical for widespread use.

The second direction explores the potential of emerging advanced computational approaches, such as quantum
computing, photonic computing, and biological computing (Sood & Chauhan, 2024). These novel computing
paradigms hold the promise of revolutionizing the processing capabilities for DL models, offering solutions that
could surpass the limitations of traditional computing infrastructures. The exploration of these advanced tech-
nologies could lead to groundbreaking developments in the field of hydrogeological modeling, enabling more
complex, accurate, and faster computations than ever before.

4.4.1. Maximizing Existing Computational Resources

In the short term, without significant advancements in computational hardware and techniques, HPC systems will
remain essential for those seeking to leverage DL models (Huerta et al., 2020). This is particularly true for tasks
such as spatial data analysis, which demand high GPU capacity. For instance, training a 3D residual network for
groundwater flow prediction on a domain of 80 × 60 × 20 grid cells can require over 30 GB of GPU memory,
exceeding the capacity of most consumer‐grade GPUs (typically 8–24 GB) (Zhan, Dai, Soltanian, &
Zhang, 2022). Even the most advanced consumer‐grade GPUs often fall short in terms of training speed and the
volume of data they can process effectively.

HPC systems offer parallel processing capabilities, allowing multiple processors or cores to perform computa-
tions simultaneously. They typically include advanced hardware such as GPUs or TPUs, which are optimized for
the matrix operations commonly used in DL, drastically reducing the time required for model training and
evaluation (Jena et al., 2022; More et al., 2021). For instance, Commodity Off‐The‐Shelf HPC systems with GPU
clusters can train a neural network with 1 billion parameters, equivalent to approximately 569 conservative solute
transport surrogate models (each with a 40 × 80 grid and 1,757,446 parameters), on just 3 machines in a few days,
compared to traditional systems such as DistBelief requiring 1,000 machines with 16,000 CPU cores. Similarly,
an 11 billion parameter network, equivalent to about 6,263 such solute transport models, can be trained on 16
machines in approximately 3 days, with a single mini‐batch update (96 images) taking less than 0.6 s and a full
epoch over 10 million images completed in about 17 hr, achieving a 99.7% reduction in machine usage compared
to earlier approaches (Coates et al., 2013). Specifically, training a single solute transport surrogate model on an
HPC system takes an estimated 5 min, compared to 2.5 hr on a personal computer, yielding a speedup of
approximately 29.6 times.

Complementing HPC, cloud computing platforms provide scalable and adaptable resources, allowing researchers
to flexibly adjust their computational capacity to meet the varying demands of DL models (Jauro et al., 2020;
Jones et al., 2015). The pay‐as‐you‐go pricing model offers a cost‐effective solution. Taking cloud computing
costs in mainland China as an example, the hourly fee for a V100s 32G GPU is approximately 5–10 RMB
(equivalent to about $0.70–1.40 USD). Compared to purchasing a dedicated server equipped with one V100s
GPU, which costs around 100,000 RMB (approximately $13,880 USD), using cloud computing can result in
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savings of about 80%–90% for projects requiring less than 2,000 GPU‐hours annually. This is particularly for
researchers new to DL‐based hydrogeological modeling who may be unsure of their computational needs. Cloud
platforms also simplify data management, model deployment, and performance monitoring, making it easier for
researchers to deploy their DL models on the cloud, enabling simulations and predictions even when local
computational hardware is limited (Arif, 2022; Y. Wang et al., 2024).

By combining HPC systems with cloud computing, researchers can maximize existing computational resources
while benefiting from a flexible and user‐friendly computational framework. This integration allows resource‐
intensive DL models to be deployed anywhere with internet access, significantly improving the efficiency of
model development and deployment (Dhanasekaran et al., 2024). The synergy between HPC and cloud
computing is transforming the implementation of DL models in hydrogeological research, making these models
more accessible and feasible across a wide range of scenarios.

4.4.2. Exploring Advanced Computational Paradigms

The popularity of large‐scale models such as ChatGPT has brought attention to the significant leap in learning and
predictive capabilities when DL model parameters surpass a certain threshold (Ray, 2023; Wei et al., 2022).
Currently, in the broader field of Earth sciences, research utilizing large models based on existing frameworks has
already begun to emerge (Hu et al., 2023). For example, Deng et al. (2024) proposed a large language model
named K2, which enables question‐and‐answer functionality in the field of Earth sciences, mainly leveraging
large models to extract and utilize vast amounts of information. Similarly, in the field of hydrogeology, large
models can be used to effectively extract multi‐source information required for hydrogeological modeling. For
instance, by training targeted large models, structured borehole data could be extracted from repetitive and un-
structured geological descriptions (Ghorbanfekr et al., 2025). Additionally, with the capability of large models to
process and output multi‐modal data, it may be possible to use a single model to simultaneously achieve tasks
such as time sequence analysis, spatial data analysis, and inversion modeling.

However, the computational resources required for developing such large models are beyond the capacity of
individual users. Currently, the development of these mainstream large models is confined to institutions such as
OpenAI, Google, Facebook, Baidu, etc., due to their immense computational demands, which even existing cloud
computing platforms struggle to support. To democratize the development and exploration of large models on
personal computers, it's imperative to venture into new computational modes (Végh, 2023).

In the quest for the next generation of computing units, quantum computing and photonic computing emerge as
burgeoning frontiers with vast potential (Sahimi & Tahmasebi, 2022; Xu et al., 2021). Quantum computing le-
verages the principles of quantum mechanics to process information in a radically different way, offering
exponential speedups for specific types of problems (Valdez & Melin, 2023). Although these advanced
computational paradigms do not universally outperform current silicon‐based computing technology, quantum
computing excels at optimization problems and linear algebra operations through quantum parallelism, which
could accelerate the gradient descent algorithms and matrix multiplications fundamental to neural network
training. Photonic computing, on the other hand, uses photons instead of electrons for computation, promising
high‐speed and energy‐efficient processing (Xu & Jin, 2023). Its inherent parallelism and low‐latency matrix‐
vector multiplication capabilities align well with the convolution operations and forward propagation in deep
neural networks. Additionally, the analog nature of photonic processors makes them particularly suited for the
continuous‐valued computations prevalent in DL models.

Recent efforts have been made by scholars to address the challenges associated with applying quantum algorithms
in hydrogeological modeling (Golden et al., 2022; Henderson et al., 2023). For instance, Henderson et al. (2024)
proposed efficient methods for preparing the b‐register and extracting valuable information from quantum
computers that solve linear systems representing geologic fracture networks. Their findings indicate that quantum
computing is feasible in this domain. With the rapid advancements in quantum hardware, quantum computing is
expected to fundamentally transform the methodologies used in groundwater modeling. These new computational
paradigms differ significantly from current algorithms, and most research remains in the theoretical and
exploratory stage. The practical application of these paradigms to DL models in hydrogeological modeling is still
a considerable distance away, requiring further research and development.
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5. Conclusions
The integration of DL into hydrogeological modeling marks the dawn of a transformative era. Utilizing large data
sets and complex algorithms, DL models have demonstrated exceptional capability in capturing intricate re-
lationships and patterns that traditional models may overlook. This has resulted in more accurate and efficient
models, particularly in areas such as time series prediction, spatial data analysis, and inverse modeling.

However, integrating DL into hydrogeological modeling is not without challenges. The scarcity and quality of
data, coupled with the “black box” nature of DL models, pose significant obstacles. Groundwater systems are
inherently complex, and data collection is often limited by practical conditions and cost, leading to sparse and
sometimes incomplete data sets. This presents a considerable challenge for DL models, which typically require
large amounts of high‐quality data for training. The interpretability and explainability of DL models remain a
concern, as their “black box” nature may hinder their acceptance and credibility, especially in a field where
understanding the underlying processes is crucial for decision‐making and policy formulation. Additionally, the
computational complexity and resource requirements of DL models can be prohibitive, limiting their accessibility
and applicability in real‐world scenarios.

Despite these challenges, the future of DL‐based hydrogeological modeling looks promising. Efforts to improve
data collection and sharing, enhance data preprocessing techniques, and develop data synthesis methods are
underway, addressing the critical issue of data scarcity and quality. Advances in model interpretability, such as the
development of physics‐informed neural networks and explainable AI, are making strides in unraveling the
“black box” nature of DL models. Furthermore, innovations in model performance, through approaches such as
transfer learning and hybrid modeling, are continually improving the accuracy and efficiency of DL models.
Additionally, the exploration of novel computing paradigms holds significant potential to revolutionize DL‐based
hydrogeological modeling. Quantum computing, with its capability to handle complex computations and large
data sets more efficiently than classical computing, could dramatically enhance the speed and scalability of DL
models, enabling more sophisticated analyses and simulations of groundwater systems.

In conclusion, DL models have undoubtedly demonstrated their potential to drive the development of hydro-
geological modeling. However, to truly advance DL‐based hydrogeological modeling for practical applications, it
is crucial to fully recognize the current limitations of DL models and to think critically about how to address these
limitations in real‐world applications. The journey of applying deep learning to hydrogeological modeling
continues, but instead of ignoring the inherent limitations of DL models through elaborate what‐if scenarios, as
many past studies have done, the focus should shift to exploring how DL‐based hydrogeological modeling can be
used to solve real‐world problems.

Data Availability Statement
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