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Abstract

Geostatistics plays a central role in exploration and management
of energy, natural resources, and environment, where sparse and/or
indirect measurements must be translated into predictive models of
the subsurface. Despite decades of advances, the field faces a set of
pressing challenges that demand conceptual and methodological de-
velopments. This work summarizes recent advances over the past
decade and discusses perspectives and research directions in the field
of modern geostatistics, which refers to the integration of classical spa-
tial statistics with statistical learning and physics-informed methods.
The growing availability of data and computational tools promotes
the integration with artificial intelligence and machine learning and it
offers new opportunities, but it also raises questions of interpretabil-
ity and robustness. Capturing geological structures, heterogeneity,
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and complexity remains a fundamental issue, particularly when us-
ing data-driven methods that must balance realism with computa-
tional tractability. Emerging hybrid workflows, combining classical
geostatistics, deep generative models, and physics-informed learning,
hold promise but require rigorous approaches to uncertainty quantifi-
cation to be trusted in decision making. An additional challenge lies
in bridging the gap between scales of a broad range of data, recon-
ciling high-resolution models with the heterogeneous spatial represen-
tativity of measurements. These range from sparse point samples to
densely sampled borehole data, broad-scale geophysical surveys, and
full-coverage remote sensing outputs. This diversity of data types and
applications shapes which geostatistical methods are applicable and
how uncertainty must be represented. Beyond methodological ad-
vances, there is a need to promote geostatistical thinking in new ap-
plication domains, from carbon storage and hydrogen energy systems
to sustainable mining, to environmental and climate studies. Address-
ing these challenges will define the trajectory of geostatistics in the
coming decade, positioning it as a key tool of sustainable resource and
environmental management.

Keywords: Geostatistics; Spatial modeling; Uncertainty quantification; Deep
learning; Farth modeling; Energy resources; Natural resources; Environmen-
tal modeling

1 Introduction

Geostatistics for energy, natural resources, and environmental studies refers
to the use of spatial statistics techniques to describe, analyze, and predict
surface and subsurface properties that are essential for exploration and man-
agement of Earth’s resources. Classical geostatistics explicitly accounts for
the spatial correlation among measurements and aims to model the spatial
pattern and structures of Earth’s properties by interpolating and simulating
model variables at unsampled locations. Therefore, geostatistics provides a
quantitative framework for handling the inherent incompleteness of surface
and subsurface data and consistently accounts for uncertainties.
Geostatistical methods have become crucial across a wide range of ap-
plications. For example, in groundwater studies, geostatistical methods are
adopted to model aquifer properties, predict flow patterns, and track the
spread of contaminants. In oil and gas exploration, geostatistics is used to
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map porosity, permeability, and fluid saturation from well logs and geophys-
ical data, monitor reservoir conditions and production, and quantify uncer-
tainty in reserves and production forecasts. In mining, it is applied for ore
grade estimation and tonnage calculations from limited drill core samples
and it supports mine planning and economic evaluation.

The importance of geostatistics stems from the fact that measured data
in energy, natural resources, and environmental settings are sparse and often
indirect. Data collection, such as acquiring core samples, well log data, and
geophysical surveys in the field and conducting rock and fluid analysis in the
laboratory, involves high costs, making it impractical to achieve exhaustive
coverage. These datasets span a wide spectrum of spatial representativity:
from small-volume, sparsely distributed point samples such as drill cores,
through densely sampled borehole arrays, to spatially extensive but coarser
geophysical measurements such as seismic or electromagnetic surveys, and
finally to high-coverage remote sensing and satellite products. This vari-
ety of data types directly conditions the choice of geostatistical method, the
scale at which uncertainty can be quantified, and how indirect measurements
are integrated in spatial modeling best practices. Geostatistics provides the
framework to extract information from these incomplete datasets, producing
predictive models that guide exploration strategies and management deci-
sions. The field now faces a critical transition where traditional methods
intersect with artificial intelligence (AI) and deep generative models.

The methodological foundations of geostatistics include Kriging that pro-
vides the best linear unbiased predictor for spatial interpolation, stochastic
sampling that generates multiple statistical realizations of the properties of
interest, and geostatistical inversion that integrates measured data with ge-
ological knowledge to predict geological properties. The common element
across these approaches is the ability to quantify uncertainty and provide
decision-makers with probabilistic rather than deterministic insights.

Throughout this paper, modern geostatistics refers to the integration
of classical spatial statistics with statistical learning and physics-informed
methods that has shaped the methodological developments of geostatistics
over the past decade. Recent developments tackle complex subsurface and
environmental modeling challenges through object-oriented and functional
approaches, deep learning frameworks, generative models, and hybrid Al-
geostatistical workflows. Object-oriented and functional approaches now en-
able the analysis of non-Euclidean and high-dimensional data structures, such
as curves, surfaces, and distributional data, while advanced covariance mod-
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eling captures spatial dependencies in heterogeneous systems (Delicado et al.,
2010; Pigoli et al., 2016; Menafoglio and Secchi, 2017; Martinez-Hernandez
and Genton, 2020; Menafoglio, 2025). Deep learning frameworks, including
physics-informed and connectivity-aware models, enhance classical geostatis-
tical methods by incorporating physical constraints, such as geological struc-
tures or flow paths, improving realism of model predictions (Zhang, 2022;
Zhang et al., 2023; Miele and Azevedo, 2024; Yan et al., 2025). Generative
models, including latent diffusion models, variational autoencoders, and gen-
erative adversarial networks, allow the reconstruction of realistic geological
facies and reservoir systems from sparse measurements, often outperforming
traditional geostatistical simulations by preserving variability, uncertainty,
and spatial continuity (Mosser et al., 2017; Chan and Elsheikh, 2019; Azevedo
et al., 2020; Miele et al., 2024; Lee et al., 2025; Ovanger et al., 2025). Ad-
ditionally, hybrid Al-geostatistical workflows support high-resolution down-
scaling, joint inversion of geophysical datasets, and physics-constrained data
simulation, to improve accurate, uncertainty-aware subsurface and environ-
mental modeling (Tahmasebi et al., 2020; Bai and Tahmasebi, 2021; Gomes
et al., 2025).

This work examines geostatistical advances over the past decade across
several application domains, namely groundwater, energy systems, climate
modeling, environmental monitoring, and mining operations, and it addresses
fundamental challenges in scale integration, uncertainty quantification, and
incorporation of geological realism into data-driven workflows. The remain-
der of the paper is organized into five main sections. Section 2 reviews
the methodological foundations, beginning with classical geostatistical ap-
proaches and progressing to modern physics-informed and data-driven meth-
ods. Section 3 presents methodological advances, including stochastic inverse
techniques, deep generative models, and physics-informed neural networks.
Section 4 illustrates the application of these methods across groundwater,
energy, climate, environmental, and mining studies. Section 5 discusses key
foundational challenges that remain in spatial modeling. Section 6 outlines
future perspectives and emerging research directions.
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2 Methodological Foundations

2.1 Classical Geostatistical Methods

Classical geostatistical approaches, such as interpolation and sampling, as
well as stochastic inversion, optimization, and data assimilation, play a key
role in energy, natural resource, and environmental applications. These
methods provide complementary tools for extracting information from sparse
and noisy data, and together they form a methodological toolbox for geo-
science and engineering studies (Isaaks and Srivastava, 1989; Kitanidis, 1997;
Goovaerts, 1997; Wackernagel, 2003; Caers, 2011; Chiles and Delfiner, 2012;
Pyrcz and Deutsch, 2014).

Interpolation methods, such as Kriging, aim to predict values at unsam-
pled locations using nearby observations. While simple deterministic ap-
proaches such as inverse distance weighting or splines have long been used,
geostatistical interpolation via Kriging remains the most rigorous framework
as it explicitly accounts for spatial correlation structures (Kitanidis, 1997;
Chiles and Delfiner, 2012). Interpolation is central to applications for Earth’s
resources exploration and environmental studies. Examples of applications
include ore grade mapping in mining, where concentrations between drill
cores must be predicted, or reservoir characterization, where porosity and
permeability fields are inferred between wellbore measurements (Caers, 2011;
Pyrcz and Deutsch, 2014). Sampling methods, by contrast, are designed to
represent variability and uncertainty in subsurface properties. Geostatistical
simulations, such as two-point and multiple-point geostatistics, are widely
employed to generate multiple realizations of geological models, each dif-
ferent from one another but consistent with prior geological knowledge and
available data (Goovaerts, 1997; Mariethoz and Caers, 2014). This ensemble
of realizations provides a probabilistic model of reserves, flow behavior, or
contaminant transport, and it allows practitioners and stakeholders to as-
sess risk and quantify uncertainty (Caers, 2011; Scheidt et al., 2018). For
example, Figure 1 illustrates the application of Kriging and sequential Gaus-
sian simulation for estimating elevation maps in Yellowstone National Park,
conditioned on direct measurements and temperature data.

A natural extension of classical Kriging to richer data structures is Func-
tional Kriging, which treats observations at each location as entire functions
rather than scalar or multivariate values (Ramsay and Silverman, 2005).
Conceptually, Functional Kriging aims to extend spatial prediction to sit-
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uations where the observed object at each location is more complex than
a scalar value. Functional Kriging extends classical Kriging principles to
infinite-dimensional spaces, enabling spatial interpolation of curves, time se-
ries, or other functional objects. However, when dealing with constrained
or compositional functional data, such as probability density functions or
positive-valued curves, Functional Kriging approaches may fail to respect in-
herent geometric constraints, and an appropriate geometric framework for
distributional data is required (Van den Boogaart et al., 2014; Pawlowsky-
Glahn et al., 2015; Menafoglio, 2021).

Integrating interpolation and sampling with stochastic inversion, opti-
mization, and data assimilation extends the reach of geostatistics by trans-
forming sparse and indirect observations into predictive surface and subsur-
face models and it provides the methodological foundation for modeling and
decision-making processes in energy, natural resources, and environmental
studies. Inverse problems are commonly studied in geoscience applications
where the properties of interest cannot be measured directly but must be
predicted from indirect observations. Seismic inversion is a classical exam-
ple, where rock properties are estimated from recorded seismic waveforms.
Because such problems are typically ill-posed, they require regularization and
probabilistic formulations to ensure stability and realism (Tarantola, 2005;
Grana et al., 2021). Optimization methods aim to identify the best model
or operational strategy under given objectives, constraints, and uncertainty
models. For instance, in petroleum engineering, optimization is central to
well placement, production scheduling, and history matching, where model
parameters are tuned to minimize the mismatch between observed and sim-
ulated data. Similarly, in mining, optimization underpins the sequencing of
ore extraction to maximize net present value while balancing grade and costs
(Oliver et al., 2008; Emerick and Reynolds, 2013). Data assimilation pro-
vides a dynamic framework for updating models with new observations as
they become available. In reservoir engineering, data assimilation methods
are used to update flow models in near real time with production and pressure
data, improving forecasts and decision-making. Similar techniques are ap-
plied to monitor carbon dioxide sequestration or hydrogen storage projects,
where time-lapse geophysical and borehole measurements are assimilated to
track plume migration and ensure safe containment. Data assimilation is
also widely used in weather and climate modeling, where the integration of
real-time measurements improves short-term forecasts of environmental con-
ditions (Evensen, 2009; Oliver and Chen, 2011; Carrassi et al., 2018; Evensen
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et al., 2022).

2.2 Modern Geostatistics: Physics-Informed and Data-
Driven Methods

Modern geostatistical methods focus on integrating classical spatial statistics
with advanced object-oriented, data-driven, and Al techniques to address
complex subsurface and environmental modeling challenges. Recent advances
in statistical deep learning for spatial and spatio-temporal data (Wikle and
Zammit-Mangion, 2023; Zhan and Datta, 2025; Menafoglio, 2025) provide
comprehensive frameworks for this integration, while maintaining the spatial
correlation structures fundamental to geostatistics.

Object-oriented spatial statistics is a framework for analyzing complex
spatial data structures, demonstrating how geometric principles enable the

modeling of spatially distributed functional data while addressing non-stationarity

and non-Euclidean domains (Menafoglio, 2025). Figure 2 shows an ex-
ample of Kriging for object data in an aquifer where spatially distributed
particle-size density measurements from boreholes are interpolated to predict
soil types, and an example of Kriging for manifold data in a large estuar-
ine ecosystem, illustrating the spatial prediction of the association between
aquatic variables. Recent approaches also allow for multiple-point geostatis-
tics of functional processes (Ojo and Genton, 2025). On the other hand,
machine learning models, such as convolutional neural networks, provide a
tool to handle large datasets and nonlinear predictions, capturing complex
spatial patterns and distributions (Liu et al., 2023a; Wang et al., 2025), but
often face challenges in interpretability and uncertainty representation.

Beyond these methods, physics-informed models and deep learning ap-
proaches, combined with classical geostatistical methods, improve the realism
of spatial models by incorporating physical constraints and spatial depen-
dence directly into learning architectures. Deep Kriging (Chen et al., 2020;
Peli et al., 2022) explicitly embeds spatial correlation into neural network
architectures, while Bayesian deep learning methods (Kirkwood et al., 2022)
maintain uncertainty quantification as well as accurate predictive capabil-
ities. Rather than modifying the network architecture, spatial covariance
structures from classical geostatistics can be imposed as priors or regulariz-
ers during training, combining statistical rigor with learning-based flexibility
(Levy et al., 2023).
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Deep generative models, such as generative adversarial networks, vari-
ational autoencoders, and latent diffusion models, offer an alternative by
learning the distribution of geological patterns from training images or prior
model ensembles, and then producing new realizations conditioned on sparse
field measurements at inference time. Training-image based geostatistical
inversion using spatial generative adversarial networks (Mosser et al., 2017;
Laloy et al., 2018) demonstrates that adversarial networks can learn complex
geological patterns and generate conditional realizations. U-Net generative
adversarial networks have shown effectiveness for subsurface modeling and
seismic inversion (Zhang et al., 2021; Biirkle et al., 2023). Physics-informed
extensions embed physical constraints into generative architectures to pro-
duce models that are both geologically realistic and physically consistent
(Zhang et al., 2023; Miele and Azevedo, 2024; Lee et al., 2025), and have
been applied to high-dimensional inversion problems for subsurface charac-
terization, combining data-driven efficiency with physics-based constraints
(Wang et al., 2021; Guo et al., 2023).

The main challenge in integrating classical methods with modern data-
driven and physics-informed approaches lies in maintaining interpretability,
reliable uncertainty quantification, and geological plausibility. Hybrid pa-
rameterizations offer promising pathways. For example, deep generative
models learn low-dimensional representations of complex geological patterns,
and classical data assimilation methods are then applied in the learned latent
space (Canchumuni et al., 2019; Liu et al., 2024). This strategy preserves
the uncertainty quantification rigor of traditional methods while exploiting
the pattern recognition capabilities of deep learning.

These integration strategies reflect a paradigm shift. Classical geosta-
tistical methods operate under explicit assumptions such as stationarity, a
parametric covariance model, and a Gaussian (or otherwise fully specified)
error structure. As a consequence, uncertainty is interpretable and traceable
to well-understood theoretical foundations, and interpolated models, con-
ditional realizations, and uncertainty quantification follow directly within
this framework. Modern extensions are motivated by the need to reproduce
spatial patterns of greater geometric and statistical complexity than para-
metric covariance models can readily capture. A deep generative model or a
physics-informed neural network is not constrained to Gaussian or stationary
behavior. Indeed, it can learn long-range connectivity, curvilinear channels,
and non-linear multi-point dependencies directly from training data or phys-
ical simulators. However, the uncertainty model is no longer fully specified

8
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by assumption and must instead be inferred, often from the same data and
architecture that produced the prediction.

Making these implicit assumptions explicit is the first step toward princi-
pled method selection. The assumptions of classical Kriging, namely second-
order stationarity, a parametric covariance model, and/or a multivariate
Gaussian distribution, can be tested with variogram analysis and normal-
ity checks, and their violation produces predictable and documented effects
on interpolation quality. The assumptions introduced by modern extensions
are often harder to test and less transparent in their implications. Gen-
erative adversarial networks and variational autoencoders assume that the
training images or training datasets are statistically representative of the tar-
get domain, so that bias in the training data propagates into the generated
realizations. Convolutional neural networks assume translational invariance
of spatial patterns, which is violated wherever subsurface geometry varies
with depth or across structural domains. Physics-informed neural networks
assume that the embedded governing equations adequately describe the rel-
evant processes, and might produce inaccurate results when boundary con-
ditions or constitutive relationships are poorly constrained. Deep Kriging
and Bayesian deep learning methods assume that the chosen posterior ap-
proximation, whether variational, Monte Carlo dropout, or ensemble-based,
is a reliable proxy for the true predictive uncertainty, that is rarely verified
in practice. Table 1 summarizes these methods, their implicit assumptions,
and the conditions under which each is most appropriate.

2.3 Uncertainty in Classical and Modern Geostatistics

The integration of classical and modern methods changes not only how spa-
tial models are built but also how their uncertainty is interpreted. Two
conceptually distinct sources of uncertainty arise in geostatistical modeling;:
variability inherent in the phenomenon, and lack of knowledge about the
model or data (Caers, 2011). These two notions, often termed aleatoric and
epistemic uncertainty in the machine learning literature, have clear physi-
cal interpretations in the geoscience context and behave differently under
classical and ML/AlI-based workflows.

Aleatoric uncertainty refers to the variability inherent in the phenomenon
itself, including the natural spatial heterogeneity of subsurface properties,
the random component of a geological process, or measurement noise that
cannot be eliminated regardless of how many observations are collected. In
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classical geostatistics, aleatoric uncertainty is represented by the nugget effect
in the variogram and by the spread of conditional simulation realizations. It
is the uncertainty that remains even with a perfect model and unlimited
computational resources.

Epistemic uncertainty, by contrast, arises from lack of knowledge, from
having too few data, from using an imperfect model structure, or from making
assumptions that may not hold. In classical Kriging, epistemic uncertainty is
partially captured by the Kriging variance, which decreases as more data are
added. In Bayesian inversion, it is encoded in the posterior distribution over
model parameters. Epistemic uncertainty is reducible in principle: collecting
more data, improving the model, or relaxing restrictive assumptions can all
reduce it.

The distinction is critical in practical applications because the two types
of uncertainty often require different responses Scheidt et al. (2018). Aleatoric
uncertainty must be communicated to decision-makers as an irreducible fea-
ture of the model, while epistemic uncertainty motivates further data acqui-
sition and model refinement and is the primary target of value-of-information
analysis. In classical geostatistical workflows the two sources are relatively
well separated by construction. In ML /Al-based workflows the separation be-
comes less clear: for example, GANs or diffusion models generate an ensemble
of realizations whose spread reflects both the natural variability encoded in
the training data and the limitations of the learned model. Improving the
fundamental understanding of these contributions is an active research prob-
lem, and methods such as Bayesian neural networks, Monte Carlo dropout,
and deep ensembles each provide only approximate answers.

3 Methodological Advances

This section reviews three directions of methodological advancements in geo-
statistical modeling. Stochastic inverse methods extend classical Bayesian
and ensemble frameworks to new data types and joint inversion regimes.
Deep generative models introduce learned representations of geological pat-
terns as alternatives to parametric covariance priors. Physics-informed neural
networks embed governing equations into network training for data-efficient
forward modeling and inversion. Together they illustrate how the integration
of classical spatial statistics with statistical learning and physics-informed
methods has shaped the methodological advancements of the past decade.
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3.1 Stochastic Inverse Methods

Stochastic inversion has been a primary tool for probabilistic subsurface char-
acterization, and the past decade has seen substantial extensions to new
data types, joint inversion frameworks, and geophysical applications. This
subsection reviews these developments. Stochastic inversion methods esti-
mate subsurface properties by generating and updating multiple realizations
rather than a single deterministic model, allowing explicit quantification of
nonuniqueness and uncertainty (Tarantola, 2005). For example, in seismic
inversion, data measured at the surface are linked to subsurface rock and
fluid properties through nonlinear physical models, and stochastic inversion
iteratively samples and perturbs model realizations until synthetic responses
match the observed data. Approaches include stochastic sampling algorithms
which approximate the posterior distribution by exploring the model space
through iterative sampling, as well as stochastic optimization algorithms
which update geostatistical realizations (Grana et al., 2021).

Stochastic methods have been increasingly used in seismic inversion to
handle complex, non-Gaussian priors and to integrate geostatistical informa-
tion into the inference process. MCMC methods can jointly infer multiple
rock and fluid properties by embedding spatially informed priors derived from
geostatistical modeling (Zunino et al., 2015). Several extensions of MCMC
have been developed to improve sampling efficiency in high-dimensional set-
tings, including Hamiltonian Monte Carlo, adaptive Metropolis schemes, and
parallel tempering. Together, these methods preserve geological spatial cor-
relation while providing both predictions and uncertainty for reservoir char-
acterization and decision making.

Beyond MCMC, alternative stochastic methods are also used in high-
dimensional inversion settings, including simulated annealing, genetic algo-
rithms, gradual deformation methods, and ensemble-based approaches (Grana
et al., 2021). These methods can be combined with dimensionality reduc-
tion to make sampling tractable in large-scale problems; classical reduction
methods such as principal component analysis can be replaced or comple-
mented by machine-learning parameterizations such as deep convolutional
autoencoders, in which the autoencoder learns a compact representation of
geostatistical realizations that is then updated through ensemble data assim-
ilation (Liu and Grana, 2020). Figure 3 shows the seismic history matching
workflow for carbon sequestration monitoring using ensemble smoother with
multiple data assimilation (ES-MDA) with a deep convolutional autoencoder.
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Stochastic inversion has also been applied to non-seismic data. Prob-
abilistic joint inversion frameworks combine frequency-domain electromag-
netic and DC resistivity data using Bayesian inference, improving resolution
and reducing ambiguity through multi-method integration (Narciso et al.,
2025). Geostatistical priors have been embedded into Bayesian inversion
of near-surface petrophysical properties, using Monte Carlo sampling and
ensemble smoother updates conditioned on electrical resistivity and seismic
measurements, preserving geological spatial correlation while quantifying un-
certainty (Grana et al., 2022).

Stochastic approaches have been extended to hydrogeophysical inversion,
a framework that integrates hydrogeology and geophysics to estimate sub-
surface properties that control groundwater flow and transport (Zhou et al.,
2014). The ES-MDA has been used to estimate contaminant source location
and release history in groundwater systems (Todaro et al., 2021).

Data-driven methods such as artificial neural networks offer an alter-
native to stochastic inversion by approximating forward operators directly
(Gramacy, 2020), motivating the deep generative and physics-informed ap-
proaches discussed in the following subsections.

3.2 Deep Generative Models

Deep generative models address two limitations of classical geostatistical sim-
ulation: reproducing complex geological patterns that two-point covariance
models cannot capture, and conditioning on diverse data types within a uni-
fied framework.

Generative adversarial networks (GANSs) learn to generate realistic sam-
ples from a training distribution by training two networks in opposition: a
generator that produces synthetic samples and a discriminator that tries to
distinguish them from real data. Applied to geological modeling, GANs can
capture complex spatial patterns from training images and reproduce them
at scales ranging from pore geometries (Mosser et al., 2017) to nonstation-
ary sedimentary channels and elastic properties (Azevedo et al., 2020). A
key challenge is conditioning the generated realizations on sparse direct mea-
surements such as well data, which has been addressed by integrating condi-
tioning constraints into the GAN training or sampling procedure (Chan and
Elsheikh, 2019).

Variational autoencoders (VAEs) are generative models that learn a low-
dimensional latent space where the latent variables follow a known prior dis-
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tribution, typically Gaussian, from which new samples can be drawn and de-
coded into realistic outputs. Unlike GANSs, this probabilistic structure allows
samples to be drawn and conditioned within a Bayesian framework, making
VAEs well suited to data assimilation workflows. The latent space also pro-
vides a compact parameterization of complex geological models, which can be
combined with ensemble-based data assimilation methods such as the ensem-
ble smoother to condition facies realizations on observed data (Canchumuni
et al., 2019).

Diffusion models generate samples by learning to reverse a gradual nois-
ing process: training data are progressively corrupted with noise over many
steps, and a neural network is trained to invert this process step by step,
transforming random noise into realistic samples. Latent diffusion models
perform this process in a compressed latent space rather than in the original
data space, which substantially reduces computational cost. In geological
modeling, latent diffusion has been used to conditionally simulate reservoir
facies from sparse well and seismic measurements (Lee et al., 2025). Figure 4
shows a schematic representation of conditional simulation of reservoir facies
models using latent diffusion.

Deep generative models are commonly evaluated against classical two-
point geostatistical methods, which can reproduce simple covariance struc-
tures but struggle with curvilinear or multi-point patterns. Comprehensive
statistical comparisons show that diffusion models can reproduce training
image statistics, maintain spatial continuity, and honor conditioning data
more accurately than two-point methods (Ovanger et al., 2025). Beyond
model generation alone, recent work has unified generation, forward surrogate
modeling, and inversion within a single architecture, demonstrating strong
generalization across hydrogeological modeling tasks (Zhan et al., 2025).

3.3 Physics-Informed Neural Networks

Physics-informed neural networks (PINNs) embed governing equations di-
rectly into neural network training by adding the residuals of those equa-
tions as terms in the loss function. This makes PINNs particularly valuable
in geoscience applications where data are sparse, expensive, or noisy, be-
cause the physics provides constraint where data do not (Raissi et al., 2019;
Karniadakis et al., 2021).

In subsurface characterization, PINNs have been applied to a range of
forward modeling problems, including seismic wave propagation, tomography
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and full waveform inversion (RashtBehesht et al., 2022; Gou et al., 2023; Ren
et al., 2024), groundwater flow simulation and transient unconfined aquifer
systems (Tartakovsky et al., 2020; Secci et al., 2024), and single-phase and
multi-phase fluid flow in heterogeneous reservoirs (Zhang, 2022; Zhang et al.,
2023). A key advantage of PINNs over traditional numerical solvers lies in
their meshless formulation, which handles complex boundary conditions such
as absorbing boundaries in semi-infinite domains and enables incorporation of
a priori geological knowledge (Karniadakis et al., 2021; RashtBehesht et al.,
2022).

In geophysical inverse problems, PINNs serve as efficient surrogate models
that rapidly evaluate forward operators during inversion, reducing computa-
tional cost while maintaining physical consistency. Differentiable end-to-end
PINN architectures, in which subsurface properties are reparameterized by
neural networks coupled to differentiable forward models, enable gradient-
based multi-objective optimization for joint inversion of multiple geophysical
datasets, with applications to monitoring of carbon dioxide sequestration
(Liu et al., 2023b). Bayesian PINNs (B-PINNs) extend the PINN framework
to probabilistic inference, combining physics-informed priors with methods
such as variational inference or Hamiltonian Monte Carlo to produce poste-
rior distributions over model parameters and predictions rather than point
estimates (Yang et al., 2021; Li et al., 2024). This enables rigorous quantifica-
tion of both aleatoric and epistemic uncertainties in geophysical inverse prob-
lems. Ensemble-based Bayesian inference strategies have also been developed
to avoid the computational cost of traditional MCMC sampling (Pensoneault
and Zhu, 2024).

Despite promising results, challenges remain in PDE convergence and in
scaling to high-dimensional problems. Advances in Fourier feature embed-
dings, domain decomposition, and adaptive training strategies are expand-
ing the applicability of PINNs to increasingly complex geoscience problems
(Song and Wang, 2022; Ding et al., 2025). Neural operator methods, which
learn mappings between function spaces rather than between fixed inputs
and outputs, have also been combined with finite-volume discretizations and
physics-informed training to enable parametric learning of subsurface flow
(Yan et al., 2025).

Physics-informed principles also extend beyond strict PINN formulations
to other neural architectures, including generative models such as physics-
informed GANs that embed physical constraints into the generator and pro-
duce realizations consistent with both observed data and governing physics
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(Miele and Azevedo, 2024). Figure 5 shows the seismic inversion workflow us-
ing a physics-informed W-Net GAN combined with multidimensional scaling
for model selection.

4 Applications

In this section, the application of modern geostatistical methods is illustrated
across key domains where spatial modeling and uncertainty quantification are
critical. Specifically, five areas of applications are presented: 1) groundwater
management, where understanding aquifer heterogeneity and flow dynam-
ics is essential for sustainable management; 2) energy exploration, including
hydrocarbon, geothermal, and subsurface storage systems, where character-
izing reservoirs and facies distributions guides exploration and production;
3) climate and drought modeling, where spatio-temporal modeling supports
the assessment and prediction of extreme events such as droughts; 4) en-
vironmental studies, where geostatistical techniques enable the monitoring
and mapping of contaminants, land-use impacts, and other environmental
variables; and 5) mining operations, where sparse, expensive drilling data
are transformed into probabilistic models of ore grade and tonnage distribu-
tions.

4.1 Groundwater management

Groundwater systems are highly heterogeneous, with hydraulic conductivity
and porosity varying across multiple spatial scales, which complicates the
prediction of flow and transport. Field methods such as pumping tests pro-
vide reliable but sparse information, and geostatistical models extend these
measurements by treating hydraulic properties as spatial random fields with
prescribed correlation structures.

Hydrogeophysical data, particularly electrical resistivity tomography (ERT),
provide an additional and independent constraint on subsurface characteriza-
tion, since the resistivity of the rock-fluid system depends on porosity, satura-
tion, and pore fluid conductivity, properties that also control hydraulic con-
ductivity. ERT surveys yield apparent resistivity values that require inverse
modeling to estimate the true spatial distribution of subsurface resistivity,
and several inversion strategies have been developed for this purpose. For
example, Fagandini et al. (2024) couple ERT with geostatistical groundwater
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inversion to better resolve aquifer heterogeneity, with the latter specifically
targeting contaminant plume delineation by combining hydrogeophysics with
geostatistical data assimilation. Figure 6 shows the estimation of a contam-
inant plume from hydrogeophysical data measured in a controlled sandbox
experiment mimicking a contaminated aquifer, using ES-MDA.

By enforcing constraints such as the Laplacian of hydraulic head for
steady-state flow, PINNs generate solutions consistent with governing equa-
tions and remain effective under complex boundary conditions, heterogeneous
or anisotropic aquifers, and transient unconfined flow. Recent work has ap-
plied PINNs to transient single-phase and two-phase Darcy flows in hetero-
geneous reservoirs (Zhang, 2022; Zhang et al., 2023), transient unconfined
groundwater flow (Secci et al., 2024), and finite-volume-based parametric
learning of subsurface flow (Yan et al., 2025), producing fast, reliable surro-
gates for forward and inverse groundwater modeling.

4.2 Energy exploration

Energy exploration relies on characterizing subsurface reservoirs from sparse
and indirect data: well logs and core samples provide high-resolution informa-
tion at a few locations, while seismic, electromagnetic, and other geophysical
surveys offer broad spatial coverage at lower resolution. Reservoir properties
such as porosity, permeability, and fluid saturation must be inferred between
wells, integrated with the geophysical data, and propagated through forward
models of fluid flow to support discovery, production planning, and moni-
toring of subsurface storage. Stochastic sampling and optimization methods
provide flexible tools for the resulting high-dimensional inverse problems,
though often at high computational cost for large datasets (Grana et al.,
2021).

Stochastic sampling and optimization methods, such as ES-MDA, have
been applied to large-scale seismic inversion and history matching in reser-
voir characterization, where they provide multiple geostatistical realizations
conditioned on observed data and quantify uncertainty for production fore-
casting and decision making. Thurin et al. (2019) and Gineste et al. (2020)
extend ensemble methods to full waveform inversion in frequency and time
domain respectively. To address the high dimensionality of these applica-
tions, ensemble methods have also been combined with deep parameteriza-
tions that compress the model space before assimilation, using variational
autoencoders (Canchumuni et al., 2019) or deep convolutional autoencoders
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(Liu and Grana, 2020).

Deep learning has also been applied directly to seismic inversion for
impedance estimation, velocity estimation, and full waveform inversion, pro-
viding fast alternatives to traditional iterative inversion. Das et al. (2019) use
convolutional neural networks to estimate acoustic impedance from seismic
data, and Fabien-Ouellet and Sarkar (2020) apply deep recurrent networks
to seismic velocity estimation. Wu et al. (2021) introduce a semi-supervised
GAN framework for impedance inversion, and Sun et al. (2023) reformulate
full waveform inversion as an optimization over neural network weights, pro-
viding an implicit representation of the velocity model. Liu et al. (2024)
combine autoencoder-based model parameterization with Stein variational
gradient descent to integrate geophysical data with geological priors and
quantify uncertainty more effectively. Figure 7 shows an intergrated work-
flow for seismic inversion at well locations and along seismic lines, combining
machine learning parameterization with advanced sampling.

4.3 Climate and Drought

Climate extremes, particularly droughts, severely affect agriculture, water
resources, ecosystems, and society. Because droughts develop slowly and
exhibit multi-scale variability, their characterization relies on indices that
condense complex hydro-climatic processes into numerical measures (Zargar
et al., 2011). The standardized precipitation index, based on precipita-
tion anomalies, is the most widely used; more advanced metrics such as
the drought severity index and the standardized precipitation evapotran-
spiration index incorporate temperature and water balance to account for
climate-warming effects.

Geostatistical and spatio-temporal models play a central role in map-
ping drought severity from sparse station data and reconstructing drought
evolution over time. Varouchakis et al. (2018) apply spatial statistical anal-
yses to identify hydrological years, return periods, and spatial variability in
precipitation records. Machine learning extends these methods to drought
forecasting by learning nonlinear relationships between climatic predictors
and drought indices: Gomes et al. (2025) show that random forest meth-
ods can predict short-term drought severity using the consecutive dry days
index, effectively forecasting moderate to severe events during the driest
months. Figure 8 shows the classification of meteorological station data into
three drought-severity categories and their forecasting using a random forest
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model.

A growing research direction combines geostatistics, data assimilation,
and machine learning to merge climate model outputs, in-situ records, and
satellite-based indices. Such hybrid approaches improve reconstruction of
past droughts and enhance prediction under climate-change scenarios (Park
et al., 2016; Diaz et al., 2020; He et al., 2023; Seo and Lee, 2023). Spatio-
temporal models can further support early-warning systems tailored to agri-
culture, water supply, and energy sectors.

4.4 Environmental studies

Environmental geostatistics addresses spatial assessment of contamination,
exposure, and ecosystem quality, where measurements are typically sparse,
costly, and influenced by anthropogenic and natural sources. KEstablished
application areas include soil contamination mapping for heavy metals such
as cadmium and arsenic, air quality interpolation from sparse monitoring
networks, marine pollution assessment, and radioactive contamination char-
acterization. These applications share a common challenge: sparse, irregular
observations must be combined with auxiliary information and physical un-
derstanding to produce spatially explicit maps of contamination and risk
(Goovaerts, 2008).

Rapid urbanization and agricultural intensification are reshaping land-
scape dynamics and hydrological systems, generating significant pressures
on groundwater resources and ecosystem services. Spatial analyses of land
use and land cover change reveal how urban sprawl disrupts aquifer recharge,
fragments ecosystems, and degrades environmental quality, while intensified
agriculture increases agrochemical inputs and creates overlapping contamina-
tion risks. Rodrigo-Ilarri et al. (2025) use spatial analysis to document how
urban expansion in the Valencia plain aquifer reduces aquifer recharge and
environmental value over time. Figure 9 shows the expansion of urban areas,
the decline of natural-rainfall-dependent agriculture, and the corresponding
drop in environmental value.

Pesticide and agrochemical contamination is a particularly challenging
case for environmental monitoring, because intensive land management prac-
tices such as flood-based irrigation can accelerate chemical infiltration far
beyond what sparse direct measurements can capture. Integrated geostatis-
tical approaches combine these limited observations with mechanistic trans-
port models and spatially explicit land use data to assess contamination risk.
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For agrochemical contamination specifically, deterministic models such as the
pesticide root zone model can generate concentration fields under different
land use scenarios, which geostatistical methods then interpolate to quantify
uncertainty and identify contamination hot spots (Tariq, 2023). The result-
ing probabilistic risk maps support sustainable land and water management
in data-limited environments.

4.5 Mining operations

Mining remains a core application area of geostatistics, supporting mineral
resource estimation, ore reserve classification, and mine planning from sparse
and expensive drilling data (Isaaks and Srivastava, 1989; Emery and Sguret,
2021). Modern mining faces new challenges, including lower ore grades,
deeper and more complex deposits, and operational pressures for near real-
time decision making, all of which demand robust uncertainty quantification.
The data context is asymmetric: drill cores provide high-resolution but spa-
tially sparse measurements, while remote sensing and geophysical surveys
offer broad coverage at lower resolution, and production-monitoring sensors
generate streaming data that must be assimilated as they arrive.

Data science methods now complement classical geostatistical approaches
across the mining workflow. Neural networks, random forests, and support
vector machines have been used to capture nonlinear geological relationships,
and deep learning architectures have been developed for specific mining tasks:
Jordo et al. (2022) apply GANSs to ore-type modeling in complex geological
environments, and Avalos and Ortiz (2023) combine multivariate geosta-
tistical simulation with deep Q-learning to optimize mining decisions under
uncertainty. The role of geostatistical simulation across the life cycle of a min-
eral deposit, from exploration to closure, is reviewed by Deutsch (2023). At
larger scales, remote sensing combined with machine learning has expanded
prospectivity mapping and alteration zone detection (Shirmard et al., 2022;
Davies et al., 2025), while at operational scales near real-time model up-
dating from production sensors remains a key challenge (Neves et al., 2018;
Benndorf, 2020). Figure 10 shows the joint distribution of X-ray fluores-
cence and laboratory grades used for near real-time estimation of ore grade
distributions.

The energy transition is accelerating interest in critical minerals such
as lithium, cobalt, nickel, copper, and rare earth elements, whose deposits
often involve complex geology and multielement geochemical correlations.
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Modern workflows increasingly rely on multivariate techniques, hierarchical
models, and joint simulation to honor these geochemical relationships. Sus-
tainability considerations further require integrating geological, geochemical,
geophysical, and geospatial data to optimize extraction while minimizing wa-
ter use, land disturbance, and community impacts. Current developments
center on hybrid frameworks linking machine learning-based prospectivity,
physics-informed or ensemble geostatistical resource estimation, stochastic
optimization for mine planning (Dimitrakopoulos, 2018), and real-time data
assimilation during production.

5 Outstanding Challenges

Despite the recent advances in the field of classical geostatistics and mod-
ern extensions based on deep learning and data-driven approaches, spatial
modeling of surface and subsurface properties still faces several challenges.
In the following, the main fundamental and methodological challenges are
discussed.

5.1 Scale Integration and Data Assimilation

The scale mismatch between dense geophysical surveys and sparse borehole
measurements, introduced in earlier sections, remains a persistent open chal-
lenge for geostatistical modeling. Bridging this mismatch is not solved by
either data type alone: geophysical data require inversion to recover physi-
cal parameters, while borehole data require interpolation to provide spatial
coverage (Grana et al., 2021).

Addressing this scale mismatch requires multi-resolution modeling strate-
gies, upscaling and downscaling techniques, and careful treatment of mea-

surement footprints. Advances in hierarchical modeling and multi-scale stochas-

tic simulation provide a promising path to reconcile the scales, ensuring
that geostatistical predictions remain both realistic and consistent with the
physics of geophysical data (Linde et al., 2015). The integration of multiple
data sources through joint inversion frameworks is an active research direc-
tion (Guo et al., 2020; Colombo et al., 2021; Hu et al., 2023; Ma et al., 2025),
but important gaps remain. While joint inversion and multi-resolution strate-
gies have reduced some of these discrepancies, merging information across
scales remains far from straightforward.
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707 Modern extensions integrating machine learning and Al offer new tools to
708 learn scale-dependent relationships directly from data, but without geosta-
700 tistical constraints they may reproduce patterns that are statistically plau-
70 sible yet geologically unrealistic. Hybrid approaches that embed spatial cor-
1 relation structures, measurement footprints, and physical consistency into
72 data-driven models provide a more robust pathway for scale integration than
73 simply increasing model complexity.

e 5.2 Geological Realism and Heterogeneity

75 Capturing realistic geological heterogeneity while maintaining computational
76 tractability remains a fundamental challenge for geostatistical modeling. Tra-
77 ditional two-point methods are computationally efficient but cannot repro-
ns  duce complex geological patterns or long-range connectivity (Hu and Chugunova,
70 2008; Tahmasebi et al., 2012; Mariethoz and Caers, 2014). Multiple-point
720 statistics and training-image approaches improve realism but introduce their
721 own difficulties, particularly in the selection and conditioning of training im-
722 ages and in updating realizations within an inversion framework, motivating
73 recent extensions that combine MPS with deep learning (Avalos and Ortiz,
720 2020).

725 One direction of recent work uses machine learning to enhance classical
726 geostatistical frameworks rather than replace them. High-order sequential
727 simulation can be performed in reproducing kernel Hilbert spaces to cap-
78 ture statistical structure beyond two-point covariance (Yao et al., 2020), and
720 generative networks combined with gradual deformation can produce facies
730 realizations that honor both training-image patterns and classical update
71 mechanisms (Feng et al., 2025). These hybrid approaches retain interpretable
732 geostatistical structure while exploiting the pattern-recognition capacity of
733 deep models. A second direction relies on deep generative models to repro-
724 duce complex geological patterns directly: GANs can perform conditional
735 facies simulation (Song et al., 2021) and produce three-dimensional geolog-
736 ical models from sparse borehole data combined with prior knowledge (Lyu
et al., 2024), capturing structures such as channel systems, fractured net-
72s  works, and carbonate facies distributions. Ensuring geological plausibility
720 and interpretability of these learned models remains an open question, par-
70 ticularly when training data are limited or unrepresentative of the target
1 geological setting.

742 The emergence of physics-guided generative models offers a promising
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pathway for capturing geological complexity while preserving physical con-
sistency, but raises questions about how to incorporate geological knowledge
into the learning objective and ensure that generated realizations remain
physically meaningful. Hybrid workflows that combine classical geostatis-
tical priors with deep generative architectures represent one direction for
addressing this gap.

5.3 Uncertainty Quantification in Complex Models

Uncertainty quantification becomes substantially more challenging when deep
learning and physics-informed models are part of the workflow, because the
explicitly-specified uncertainty structure of classical geostatistics is no longer
guaranteed.

Hybrid workflows that combine classical geostatistical models with physics-
informed machine learning and deep generative approaches offer one route
to recover probabilistic rigor while exploiting the flexibility of AI. Bayesian
formulations, ensemble methods, and variational inference can be combined
with complex geostatistical priors, integrating deep architectures including
probabilistic and Bayesian neural networks within rigorous probabilistic frame-
works (Zhang and Curtis, 2021; Kirkwood et al., 2022; Romero et al., 2025).
Simulation-based and neural inference approaches (Cranmer et al., 2020) take
a different angle by training deep networks to learn complex likelihood mod-
els or posteriors directly, with recent applications to carbon dioxide storage
monitoring from well and seismic data (Gahlot et al., 2025).

Conformal prediction is a second promising direction, providing distribution-
free prediction sets with finite-sample coverage (Fontana et al., 2023). Unlike
classical parametric approaches, which typically require restrictive assump-
tions on the target process, conformal methods are nonparametric and can
be applied on top of existing statistical, machine learning, or Al-based tech-
niques, including high-dimensional and complex models (Messoudi et al.,
2021; Diquigiovanni et al., 2022; Bortolotti et al., 2024). In the framing
introduced in Section 2.3, conformal prediction offers a way to restore statis-
tical control over flexible models. Recent attempts to generalize conformal
prediction to spatial contexts have been made (Mao et al., 2024; Lou et al.,
2025) and this line of research is expected to remain active in the near fu-
ture. Across all of these directions, the goal is to recover the probabilistic
rigor of classical geostatistics within the flexibility of modern data-driven and
physics-informed methods.
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5.4 Integration with Artificial Intelligence and Hybrid
Methods

The integration of artificial intelligence with geostatistical frameworks has
opened a broad set of opportunities. Al and big data are reshaping the geo-
statistical and Bayesian formalisms that have defined the field for decades
(De Iaco et al., 2022; Sinding-Larsen et al., 2025). For example, deep neural
networks have been embedded directly into spatial prediction tasks through
architectures that fold spatial dependence into the neural network rather than
treating it as an external correction. Beyond these conceptual integrations,
machine learning is also being used for targeted tasks within otherwise clas-
sical workflows, including acceleration of variogram inference for very large
datasets, generation or augmentation of training images for multiple-point
geostatistics when outcrop analogues are scarce, dimensionality reduction for
stochastic inversion, and detection of spatial anomalies in big data.

A particularly promising hybrid strategy is one in which classical and
Al methods are applied sequentially rather than as replacements for one an-
other. A classical geostatistical model is first fitted to the data under its full
set of explicit assumptions, yielding a prediction and a well-characterized
uncertainty structure. The ML or AI component is then applied not to
the original data but to the residuals to model the discrepancy between the
classical model predictions and the observations. If hybrid models identify
systematic structure in these residuals, such as non-Gaussian tails, direc-
tional anisotropy that varies spatially, or long-range connectivity not cap-
tured by the variogram, this provides concrete, interpretable evidence that
the classical model assumptions are violated. Sequential strategies preserve
statistical control over the primary component of the prediction, so that the
classical geostatistical predictions and their associated variance remain fully
interpretable. The added value of the ML component is directly measurable
through residual variance explained and predictive performance on held-out
data. Extending this principle to deep neural networks operating on geosta-
tistical residuals is a promising research direction that combines geological
realism from flexible models with traceable uncertainty from classical spatial
statistics.

Across these directions, the goal is to combine the strengths of both tradi-
tions: using geostatistical principles to anchor models in physical and prob-
abilistic settings while exploiting AI’s capacity to learn from large, complex
datasets. Such hybrid approaches aim for geological realism, computational
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efficiency, and decision-relevant uncertainty estimates.

5.5 Big Data and Spatio-Temporal Processes

The constant growth of data from 3D seismic surveys, distributed acoustic
sensing using fiber optics, remote sensing platforms, and monitoring networks
has transformed geostatistical modeling. These big datasets hold unprece-
dented potential for subsurface characterization but also pose challenges in
storage, scalability, and model calibration. Machine learning and deep learn-
ing methods have been increasingly applied to tasks on these large datasets,
including event detection on distributed acoustic sensing recordings (Walter
et al., 2020; Yu et al., 2024b) and three-dimensional microseismic event loca-
tion and high-resolution seismic imaging (Yang et al., 2024; Ma et al., 2024).
At the same time, the dimension of the datasets enables geostatistical meth-
ods to move beyond interpolation and sampling, toward real-time monitoring,
adaptive sampling, and dynamic updating of models under uncertainty.

Monitoring and calibration data are often costly, making it essential to
determine not only how to integrate large datasets but which data are worth
acquiring. Value-of-information frameworks provide a principled way to eval-
uate the expected benefit of new observations relative to their expense, help-
ing prioritize what data to collect and where to deploy monitoring efforts
(Eidsvik et al., 2015). This shift emphasizes strategic data acquisition rather
than simply increasing data volume, ensuring that geostatistical models are
updated efficiently and in a decision-relevant manner.

Many problems in Earth, energy, and environmental studies involve pro-
cesses that evolve over time, such as reservoir production, carbon dioxide
plume migration, aquifer contamination, and geothermal circulation. Tradi-
tional geostatistics is primarily spatial, but dynamic systems require coupled
spatio-temporal models that integrate monitoring data as they become avail-
able. The challenge is to extend geostatistical methods to time-dependent
processes in a way that is both computationally feasible and physically con-
sistent, while accounting for uncertainties in evolving states. Advances in
sequential data assimilation, ensemble methods, and physics-informed spatio-
temporal geostatistics represent promising directions (Cappello et al., 2022;
Wikle and Zammit-Mangion, 2023; Yu et al., 2024a), but bridging theory
with field-scale applications remains a critical frontier.

Across all of these directions, the practical realization of geostatistical
methods at scale will depend on continued advances in computational infras-
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tructure. High-performance computing, parallel algorithms, and dimensionality-
reduction techniques are essential for handling massive datasets, running
ensemble-based spatio-temporal models, and supporting adaptive workflows
where models are updated in near real time. Co-developing geostatistical
methodology with the computational tools needed to deploy it at field scale
is itself an open research frontier.

6 Future Perspectives

The future of geostatistics will be shaped by both the evolving demands of
society and continued methodological innovation. The following sections out-
line key perspectives on advancing computational and theoretical frontiers,
emerging application domains in energy transitions, and fostering collabora-
tion and effective communication across disciplines and with decision-makers.

6.1 Methodological Frontiers

In the coming decade, several methodological developments are poised to
transform geostatistics. Advances in deep generative modeling, such as dif-
fusion models, normalizing flows, and hybrid architectures, will increasingly
be tailored to spatial data and geological constraints, enhancing the realism
and flexibility of statistical realizations and potentially providing a class of
pre-trained foundational models for multiple purposes and applications. At
the same time, scalability will become a central focus, with new algorithms
designed to process the ever-growing volume of data generated by distributed
sensors, satellite images, and continuous monitoring systems. Multi-scale in-
tegration will also gain prominence, with techniques that connect fine-scale
local measurements with broad-coverage regional and global data across the
application domains discussed in this review.

These methodological developments pose new fundamental questions about
the scope and target of the models. In the classical view of numerical Earth
science modeling (Oreskes et al., 1994), a model is a structured set of assump-
tions, and its predictions are valid insofar as those assumptions hold, which
implies that discrepancies between model and data must be explained by
identifying which assumptions fail. Classical geostatistics fits this view, be-
cause assumptions are explicit, the uncertainty model is fully specified, and
out-of-sample performance can be traced back to identifiable components.
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The growing use of ML /AT in geostatistics introduces a less clear relationship
between models and reality. Deep generative models or a physics-informed
neural networks may produce prediction that matches very accurately the
training data but they assumptions are not always clearly identified nor geo-
logically justified. Yet, the classical models may be so inadequate that even a
less interpretable improvement is operationally valuable. Hybrid workflows,
conformal prediction methods, and Bayesian deep learning frameworks are
all partial responses to this challenge.

6.2 Sustainable Energy Transitions

Geostatistics has traditionally been applied to resource estimation in min-
ing, petroleum, and groundwater studies, but its potential reaches far be-
yond these areas. As energy systems transition toward renewable sources
and carbon neutrality, geostatistics faces new application domains requiring
methodological adaptation. Carbon capture and storage demands charac-
terization of storage capacity, injectivity, and containment assurance, which
can be predicted and quantified from the integration of sparse well data with
geophysical monitoring. Hydrogen storage in subsurface formations presents
similar challenges, with additional complexities related to gas-water-rock in-
teractions and the sealing capability of the cap rock. Geothermal energy
development depends on geostatistical characterization of temperature, per-
meability, and fracture networks, and the integration of thermal monitoring
with hydrogeological and geophysical observations will be essential for sus-
tainable reservoir management.

In parallel, mining and traditional energy resource exploration continue
to evolve toward environmental sustainability, waste reduction, and real-time
adaptive extraction. Modern sensor technologies and continuous monitoring
enable dynamic updating of ore-body and reservoir models through sequen-
tial data assimilation, while integration with environmental and social im-
pact modeling requires geostatistical characterization of contaminant trans-
port and remediation scenarios. The breadth of these emerging applications,
from carbon neutrality to critical mineral extraction, positions geostatistics
as a core methodology for the data challenges of the energy transition.
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6.3 Community and Collaboration

The advancement of geostatistics depends critically on collaboration and
knowledge sharing across disciplines, including geophysics, hydrology, energy
resources engineering, mining, climatology, oceanography, environmental sci-
ence, and machine learning. Proactively positioning geostatistics within
emerging application domains, from carbon capture and storage to climate-
change adaptation, will increase its visibility, attract interdisciplinary collab-
orations, and highlight its ability to handle sparse, uncertain, and spatially
correlated data that characterize many sustainability-related challenges.

Several concrete community practices support this advancement. Stan-
dardized benchmarking datasets and comparative studies enable objective
evaluation of competing methods and guide practitioners toward appropri-
ate tool selection. Educational initiatives, such as hackathons and dedicated
geospatial modeling courses, promote geostatistical thinking and a working
understanding of spatial correlation, uncertainty quantification, and data in-
tegration. Open-source software accelerates innovation and fosters trust in
new methods. Regular exchange between the geostatistics, machine learning,
and applied geoscience communities will help interdisciplinary projects and
ideas develop.

An equally critical dimension is the communication of results to poli-
cymakers and stakeholders. Decision-makers often need clear, actionable
information rather than technical details about modeling uncertainty. Geo-
statistical risk maps can be translated into more intuitive categories of risk
(low, moderate, high), accompanied by confidence intervals or traffic-light
color schemes to facilitate understanding. Coupling geostatistical results
with narratives about anthropogenic practices and long-term sustainability
can strengthen the case for adaptive Earth management policies.

7 Conclusion

Modern geostatistics stands at a juncture where decades of methodological
development in spatial statistics and inverse theory meet recent advances in
deep learning and physics-informed computation. The field has expanded
from its traditional domains in mining and petroleum engineering to ad-
dress pressing challenges in groundwater management, climate adaptation,
and environmental monitoring. Key advances reviewed here include stochas-
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tic inversion methods for integrating geophysical and direct measurements,
deep generative models including GANs, variational autoencoders, and dif-
fusion models for geological model generation, and physics-informed neural
networks for forward modeling and inversion. These methodological devel-
opments have been illustrated through applications to hydrogeophysical in-
version, energy resources characterization and monitoring, spatio-temporal
modeling of climate extremes, environmental assessment, and mining opera-
tions.

Critical challenges remain: bridging scales from high-resolution models
to coarse geophysical data, capturing geological heterogeneity realistically
while maintaining computational tractability, ensuring rigorous uncertainty
quantification in hybrid classical-Al workflows, integrating massive datasets
and spatio-temporal processes, and developing interpretable methods that
incorporate domain knowledge. Addressing these challenges requires the in-
tegration of classical geostatistical principles with modern computational ap-
proaches, with a focus on geological realism, physical consistency, and quan-
tified uncertainty. Hybrid workflows that combine classical sampling and
optimization with deep learning show strong potential for advancing surface
and subsurface characterization on large datasets.

The future of geostatistics over the coming decade will be defined by the
community’s ability to harness emerging technologies while preserving statis-
tical rigor and domain knowledge integration. This trajectory will position
geostatistics as an essential enabler of sustainable energy systems, resilient
water resources, responsible mining, and effective climate adaptation strate-
gies, providing a scientifically rigorous and transparent framework that en-
ables informed decisions across energy, natural resources, and environmental
applications.

Glossary

Aleatoric uncertainty: The irreducible variability inherent in a phenomenon
or its observations, including natural spatial heterogeneity and mea-
surement noise that cannot be reduced by collecting more data.

Bayesian neural network: A neural network in which weights are treated
as probability distributions rather than point values, enabling uncer-
tainty quantification of predictions.
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s Conditional simulation: A stochastic simulation in which generated re-
986 alizations honor observed data at their measurement locations while
087 reproducing the modeled spatial variability.

s Conformal prediction: A nonparametric framework that produces predic-
989 tion sets with finite-sample coverage guarantees, applicable on top of
990 any underlying statistical, machine learning, or Al-based model.

w1 Deep learning: A class of machine-learning methods based on multilayer
992 neural networks capable of learning complex, high-dimensional rela-
903 tionships from large datasets.

ws Diffusion model: A generative model that learns to synthesize data by re-
905 versing a gradual noise-adding diffusion process, enabling high-fidelity
996 sampling of complex spatial patterns.

w7 Ensemble smoother: A data-assimilation method that updates an ensem-
998 ble of model realizations using observations, typically in a single or a
999 small number of smoothing steps.

wo Epistemic uncertainty: The reducible uncertainty arising from limited
1001 data, imperfect model structure, or modeling assumptions, which can
1002 in principle be reduced by acquiring more data or improving the model.

w3 Functional Kriging: A Kriging method that treats observations as func-
1004 tional data and models spatial dependence of these functions rather
1005 than scalar values.

ws  Generative Adversarial Network (GAN): A deep generative model com-
1007 posed of a generator and discriminator trained adversarially to produce
1008 realistic synthetic samples.

wo Geostatistical simulation: A stochastic modeling approach that gener-
1010 ates multiple equally probable realizations of a spatial variable, pre-
1011 serving spatial continuity and quantifying uncertainty.

w2 Geostatistics: A branch of spatial statistics that models, analyzes, and pre-
1013 dicts spatially correlated variables using probabilistic and interpolation
1014 methods.
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Hydrogeophysics: The integration of geophysical measurements with hy-
drological modeling to characterize subsurface processes such as ground-
water flow, storage, and contamination.

Inverse problem: A problem in which unknown model parameters are esti-
mated from indirect or noisy observations, often ill-posed and requiring
regularization or prior information.

Kriging: A best linear unbiased interpolation method that predicts values
at unsampled locations using spatial correlation structures encoded in
a variogram or covariance model.

Markov Chain Monte Carlo (MCMC): A family of algorithms that draws
samples from complex probability distributions by constructing Markov
chains whose stationary distribution is the target posterior.

Multiple-point statistics (MPS): A class of geostatistical methods that
extracts higher-order spatial statistics from a training image to repro-
duce complex geological patterns beyond two-point covariance models.

Physics-Informed Neural Network (PINN): A neural network that em-
beds physical laws, expressed as differential equations or constraints,
directly into its loss function to guide training and ensure physical con-
sistency.

Stochastic inversion: An inversion approach that estimates a probability
distribution of subsurface properties rather than a single deterministic
model, using random sampling or ensemble methods.

Training image: A reference geological model, often derived from outcrop
analogues or forward simulations, used in multiple-point statistics to
capture the spatial patterns reproduced in generated realizations.

Variational Autoencoder (VAE): A generative neural network that learns
a low-dimensional latent representation of data by optimizing a varia-
tional lower bound on the likelihood.

Variogram: A function describing the spatial correlation structure of a ran-
dom field as a function of separation distance and direction.
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Figure 1: Classical geostatistical methods, such as Kriging and sequential
Gaussian simulation, applied to the interpolation and stochastic simulation
of elevation maps in Yellowstone National Park conditioned on direct mea-
surements and temperature data. Modified after Grana et al. (2021).

44



Kriging for object data
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Figure 2: Examples of Kriging for object data and manifold data: (Top)
Kriging of particle-size density functions for the characterization of types;
and (Bottom) Kriging of manifold data in an estuarine ecosystem for the
spatial prediction of hydrologic variables. Modified after Menafoglio (2021).
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Geostatistical Forward model Model
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Figure 3: Seismic history matching workflow for carbon sequestration mon-
itoring studies using the ensemble smoother multiple data assimilation (ES-
MDA) with the deep convolutional autoencoder. The workflow combines
geostatistical realizations, forward seismic modeling, dimensionality reduc-
tion, and iterative data assimilation. Modified after Liu and Grana (2020).
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facies models conditioned on sparse observations using latent diffusion model.
Modified after Lee et al. (2025).
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Seismic inversion using W-net GAN algorithm
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Figure 5: Seismic inversion workflow using W-net generative adversarial net-
work (GAN) combined with multidimensional scaling for model selection.
The workflow embeds physical constraints in the GAN to ensure consistency

with wave-propagation physics and seismic measurements. Modified after
Miele and Azevedo (2024).
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Figure 6: Estimation of contaminant plume in controlled sandbox experi-
ment using Kriging interpolation of concentration data and joint inversion
of concentration and electrical resistivity data using ensemble smoother with
multiple data assimilation (ESMDA). Modified after Fagandini et al. (2024).
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Figure 8: Classification of meteorological station data in Southern Portugal
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days index and random forest method. Modified after Gomes et al. (2025).
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Table 1: Summary of main geostatistical and ML/AI methods reviewed in
this paper: key implicit assumptions, primary data requirements, and rec-
ommended conditions of application.

Method Key implicit as- Data require- When to use
sumptions ments
Kriging /  Stationarity; Gaus- Variograms; con- Well-understood — ge-
Variogram-based sian or transform-to- ditioning hard ology; uncertainty
Sequential Simu- Gaussian; two-point  data must be fully trans-
lation covariance sufficient parent and analytically
traceable
Multiple-point Training image repre- Training image; Complex non-Gaussian

statistics sentative of target; pat- conditioning hard spatial patterns; train-
terns stationary across data ing image available
domain from  analogues or

simulations
Functional Krig- Spatial stationarity of Dense functional Spatial prediction of
ing functional objects; ap- observations (e.g., profiles, time series,

propriate geometry of
data space

curves) per loca-
tion

or distributional ob-
jects at each location

Generative Adver-
sarial Networks

Training data represen-
tative of target do-
main; pattern transla-
tional stationarity

Large training im-
age or simulation
ensemble

High geological com-

plexity; training
data abundant;  vi-
sual/connectivity

realism priority

Variational Au-

toencoders

Latent space smooth-
ness; training data rep-
resentative

Training ensemble

Low-dimensional  pa-
rameterization needed
for data assimilation or
history matching

Diffusion models

Training  distribution
representative; condi-
tioning network well

Large, diverse
training ensemble

State-of-the-art geolog-
ical realism; computa-
tional budget permits

trained training
Physics-Informed ~ Governing physics  Sparse labeled Data-scarce  settings;
Neural Networks equations adequate; data; known physical consistency
(PINNS) boundary  conditions physical equations priority; forward model

known; domain homo-
geneous enough

expensive
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