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Abstract: Geophysical modeling underpins our understanding of Earth-system processes, ranging
from seismic wave propagation and subsurface imaging to climate dynamics and planetary exploration.
In the past decade, machine learning (ML) has emerged as a transformative resource that complements,
accelerates, and sometimes replaces conventional physics-based approaches. This review synthesises
the state- of-the-art ML techniques applied to geophysical problems, highlighting methodological
advances, benchmark datasets, performance metrics, and open challenges. We categorise the literature
into four thematic parts, namely data-driven forward modeling, inverse problems and parameter
estimation, surrogate and emulation frameworks, and unsupervised discovery of geophysical patterns.
For each part, we discuss model architectures, involving convolutional neural networks, graph neural
networks, physics- informed neural networks, transformer- based sequence models, training strategies,
interpretability tools, and integration with physical constraints. The review concludes with a roadmap
outlining promising research directions, such as hybrid physics- ML solvers, uncertainty quantification,
scalable high- performance computing, and the ethical deployment of ML in geoscience.

Keywords: Geophysical modelling, Seismic Interpretation, Machine Learning, Deep Learning,
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1. Introduction

Geophysical modeling is the foundation of information on Earth's subsurface structure and dynamics. It
comprises an array of techniques seismic, electromagnetic, gravitational, and magnetic that are used to
image and define properties from near-surface for engineering and environmental applications to the
deep Earth for natural resource exploration and fundamental scientific investigation. These
aforementioned techniques rely on physics-based numerical simulations (e.g., finite-difference,
finite-element methods) constrained by governing equations derived from continuum mechanics. While
these conventional techniques deploy a level of accuracy, but the approaches involved can be
computationally intensive and sensitive to data quality and initial parameter assumptions.

Moreover, the above cconventional geophysical modeling methods are built mostly on governing
partial differential equations (PDEs) derived from conservation laws such as Navier- Stokes and elastic
wave equations. While these physics-based models are robust, they often suffer from (i) high
computational cost, (ii) sensitivity to poorly known parameters, and (iii) difficulty in assimilating large,
heterogeneous observational datasets (seismic, electromagnetic, satellite, in-situ). The proliferation of
large-scale geophysical datasets and advances in computational resources have catalyzed interest in
machine learning methods that learn complex mappings directly from data, augmenting or even
bypassing costly simulations.

This review synthesizes the rapid developments in machine learning applications for geophysical
modeling over the past decade. In this contribution, a structured overview of algorithms, data
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modalities, and case studies is presented. Particularly, attention is to be paid to the following as key
contributions in this paper:

e The role of supervised, unsupervised and reinforcement learning in seismic inversion,
tomography, and hazard assessment.

e Hybrid frameworks that embed physical constraints within data-driven models.

e Techniques for uncertainty quantification and interpretability.

e Emerging trends such as physics-informed neural networks (PINNSs), graph-based methods, and
generative modeling.

2. Research Background

This section provides detailed reviews on the rapid developments in machine learning applications for
geophysical modeling over the past decade. It started by reviewing the classical geophysical modeling
techniques. Then , a structured overview of ML techniques—ranging from basic neural networks to
advanced deep learning architecture like Convolution Neural Networks are presented in tabular form
for the purpose of concision and clarity

Table 2.1. Classical Geophysical Modeling

. . . Typical Forward .
Domain Governing Equations Problem Typical Inverse Problem
. Elastic/visco- elastic Synthetic seismograms Earth .structure (velocity,
Seismology . . attenuation) from recorded
wave equation for given Earth model
waveforms
Exploration , . Electromagnetic Subsurface
. Maxwell’s equations, o . .
Geophysics Poisson’s equation response of a resistivity conductivity/density
(EM, gravity) 4 model distribution
Geodesy / Elastic defonnatlon, Surface dlsplacerpent Fault slip distribution from
phase- unwrapping field for a prescribed .
InSAR . surface deformation
models fault slip
Climate & Navier- Stokes, Global circulation Parameter = estimation — (e.g.,

cloud microphysics) from

Oceanography thermodynamic balance  model output observations

These forward models are typically solved with finite-difference, finite-element, spectral, or
integral- equation techniques. Inverse problems are ill-posed, requiring regularization, Bayesian
inference, or optimization frameworks.

Table 2.2. Machine- Learning Paradigms

Typical Geophysical

Paradigm Formal Definition = Representative Models Use- Case
Supervised Learn mapping /: X CNN, ResNet, U-Net, LSTM, Velocity-model building,
. — Y from labeled . L
Learning . S Transformer seismic phase picking
pairs (x_i,y_1)

Unsupervised Discover structure in Autoencoders, Variational Anomaly detection,
Learrﬁn X without explicit Autoencoders (VAE), Diffusion latent-space clustering of
& labels models, Self- Organizing Maps waveform families

Semi- Supervised Combine few
/ pWeakl labeled data with Pseudo-labeling, consistency Weakly-labeled seismic
. Y abundant unlabeled regularization, co- training catalogs
Supervised
data
Reinforcement  Learn policy n(s) Deep  Q-Network,  Policy Adaptive acquisition
Learning that maximizes Gradient, Actor- Critic design, active learning
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Typical Geophysical

Paradigm Formal Definition = Representative Models Use- Case
expected reward R for survey planning
Physics- Informed Elrln I:ieélal consli?:igtg Physics- Informed Neural Solving PDEs directly,
ysie phy Networks (PINNs), DeepONets, surrogate modeling with
Learning into loss or .
. Neural Operators hard constraints
architecture

3. Literature Review

In this section, a detailed survey reflecting applications across data- driven forward modeling techiques,
electromagnetic forward modeling, earthquake forecasting, reservoir characterization, and climate
modeling. a discussion on methodological advances, including hybrid physics-ML frameworks,
transfer learning, and uncertainty quantification are also described in detail.

3.1. Data-Driven Forward Modeling
Seismic Wavefield Prediction

o  CNN-based wavefield propagators (Kong et al., 2020) demonstrated >10x speedup over
finite- difference schemes for 2- D elastic media while maintaining <2 % relative error.

o  Fourier Neural Operators (Li et al., 2021) generalized to heterogeneous 3-D velocity models,
learning the solution operator of the acoustic wave equation.

Electromagnetic Forward Modeling

e Deep EM (Zhang et al., 2022) employed a U-Net to map resistivity distributions to surface
EM fields, enabling rapid synthetic data generation for survey design.

Climate Model Emulation

e Neural Climate Emulators (Rasp & Leroux, 2020) used residual networks to learn the
time- evolution operator of the Lorenz- 96 dynamical system, later extended to coarse- grained
atmospheric models (Schneider et al., 2023).

Table: 3.1. Inverse Problems & Parameter Estimation

Method Core Idea Advantages Limitations

Directly resress model Requires large labeled

. parameters from raw data End-to-end, fast ) .
CNN Inversion . . datasets; may ignore
(e.g., seismograms — inference .
. uncertainty
velocity)
Variational Encode  observations into Probabilistic output; Posterior collapse;
Autoencoders latent space; decode to model L . .
latent regularization limited resolution
(VAE) parameters
Physics- Informed Enforce PDE residuals in loss; Guarantees physics Tralp e instability;
. . . ) scaling to
Neural Networks learn parameters jointly with consistency; low hioh- dimensional
(PINNs) state data demand g
domains
Bayesian ~ Neural Pla.c © ) distributions — over Provides epistemic Compu.tatl.onally o
Networks (BNNs) weights; use Monte- Carlo uncertainty expensive; calibration
dropout or Hamiltonian MC challenges
Adjoint- based Leverage adjoint operators of Exact gradient w.r.t. Requires  differentiable
Deep Learning forward solvers inside model parameters ~ forward solver; memory
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Method Core Idea Advantages Limitations
back- propagation intensive

Case studies

e Full-Waveform Inversion (FWI) with Deep Learning — Deep- FWI (Mosser et al., 2021)
combined a U-Net for initial velocity estimate with a physics- constrained loss, achieving
comparable accuracy to classical FWI with 30 % fewer iterations.

e  Gravity Inversion via Graph Neural Networks — GeoGNN (Liu et al., 2023) represented the
subsurface as a graph of voxels, exploiting spatial relationships beyond conventional grid
CNNs; demonstrated superior robustness to noise.

3.3. Surrogate & Emulation Frameworks

e Neural Operators (e.g., DeepONet, Fourier Neural Operator) have become the de-facto
standard for learning mappings between function spaces, enabling instant evaluation of
complex PDE solutions.

e Diffusion Models recently entered geophysics for high-fidelity generation of synthetic
seismic sections (Huang et al., 2024).

e Transfer Learning — Pre- trained models on large synthetic datasets are fine- tuned on limited
field data, reducing the need for extensive labeling (e.g., SeisBench repository).

3.4. Unsupervised Discovery & Pattern Mining

e  Clustering of Seismic Waveforms using self- organizing maps has been employed to detect
emergent tremor families (Ghosh et al., 2020).

e Anomaly Detection via autoencoders identifies micro- seismic events obscured by ambient
noise (Wang et al., 2022).

e  Multimodal Fusion — Cross- modal transformers integrate seismic, InNSAR, and GPS data to
uncover coherent deformation patterns (Zhou et al., 2023).

4. Methodology

Table 4.1. Model Architectures Tailored to Geophysical Data

Data Type Preferred Architecture Rationale

2-D/3-D volumetric fields 3-D  CNN,  Residual  U-Net, Capture spatial hierarchies,
(e.g., velocity models) Voxel- based GNN translation invariance

Time- series waveforms Temporal ConvNets, LSTM, Model sequential

Temporal Transformers dependencies, variable length

Irregular sensor networks Graph Neural Networks, PointNet++ Handlfe non- Cartesian
(e.g., borehole arrays) sampling

Multi- phvsics counlin Multi- branch encoder- decoder, Preserve distinct physics while

phy plng Neural Operator ensembles sharing latent info

4.2. Training Strategies

e Physics- Based Regularization — Add PDE residual loss, energy conservation, or boundary
condition penalties.

e Curriculum Learning — Begin training on low- frequency components, gradually introduce
high- frequency details to avoid local minima.

e Domain Randomization — Randomly vary geological parameters in synthetic training data to
improve generalization to unseen field conditions.

e Data Augmentation — Apply realistic noise, amplitude scaling, and source-receiver
perturbations.
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Table 4.2. Uncertainty Quantification (UQ)

Technique Description Suitability
Monte-Carlo Random dropout at inference, collect Easy to implement, approximate
Dropout ensemble predictions epistemic UQ
Deep . R . .
Ensembles Train multiple independent models Robust, but memory intensive
Bayesian Place priors over weights, inference via Principled but computationally
Neural .. :

variational Bayes or MCMC demanding
Networks
Evidential Predict Dirichlet parameters, directly model Scalable; recent works show
Deep Learning aleatoric + epistemic uncertainty promising calibration

4.4. Interpretability & Explainability

e Saliency Maps & Grad- CAM reveal input regions driving predictions (e.g., which seismic
arrivals dominate velocity inference).

e Layer-wise Relevance Propagation applied to geological inversion tasks clarifies physical
relevance of latent features.

e Symbolic Regression (ec.g., Al-Feynman) on learned surrogate operators can recover
interpretable analytical expressions.

Table 4.3. Datasets & Open- Source Benchmarking

Dataset Modality Size Access
OpenSeismic (Kong et Synthetic 2-D/3-D seismograms + 500k Zenodo
al., 2022) velocity models samples
SEG—Earthquake Field seismic recordings (USGS) 2Mtraces SEG Open Data
EM3D (Zhang et al., Synthetic EM fields & resistivity 200 k .

GitHub
2022) models samples

GeoBench (Rasp et al., Climate model output + low- resolution 1 M

2020) proxies SnapShOtS AWS Open Datasets

Sentinel- 1 interferograms + labeled 800 k Copernicus  Open

InSAR- Tremor tremor events frames Access

5. Challenges and Open Research Questions
Despite how impressive the achievements are, there remain giant challenges:
(i) Scalability to High- Resolution 3-D Domains

o Training on billions of voxels requires memory-efficient architectures (e.g., reversible
networks, mixed- precision training).
o Distributed training across GPU clusters remains non- trivial for physics- constrained losses.

(i1) Physics—ML Integration Paradigms

o Hard constraints (embedding PDEs in the architecture) vs. soft constraints (penalty terms)
trade off flexibility and guarantee.
o Systematic comparison across geophysical applications is lacking.

(iii) Robust Uncertainty Quantification
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o Calibrated epistemic uncertainty for deep surrogates is essential for risk sensitive decisions
(e.g., CO: sequestration).
o Combining Bayesian approaches with physics based priors is an emerging direction.

(iv) Domain Transfer and Generalization

o Synthetic-to-field transfer remains a bottleneck; domain adaptation techniques (e.g.,
CycleGANSs, adversarial training) need adaptation for geophysical physics.

(v) Interpretability for Decision- Support

o Stakeholders (e.g., exploration companies, policy makers) require transparent models whose
predictions can be traced to physical mechanisms.

(vi) Ethical & Societal Implications

o Automated detection of seismic events may affect early-warning systems; false
positives/negatives have high societal costs.

o Data privacy (e.g., proprietary exploration data) and equitable access to ML tools must be
addressed.

6. Future Focus and Roadmap

Future research needs to focus on:

Profound hybrid modeling that more effectively blends physics with data-driven learning.
Generative models of realistic data generation to fill data scarcity.

Formulating robust UQ frameworks intrinsic to geophysical ML models.

Transfer learning and domain adaptation techniques for model generalizability across disparate
geological settings.

e  Open-source, benchmark datasets design to facilitate reproducible research and fair comparison of
algorithms.

Table 6.1. Future Roadmap

Horizon Targeted Milestones

+ Standardized benchmark suites for ML-geophysics (including metrics for speed,
accuracy, UQ).
* Open-source differentiable forward solvers for common PDEs (elastic, EM,
Navier- Stokes).

* Hybrid physics- ML solvers that automatically switch between data-driven and
Mid-Term physics-driven regimes based on error estimates.
* Scalable Neural Operator implementations on exascale platforms.

Short- Term

* Fully probabilistic Earth-system models where ML surrogates replace
computationally expensive sub- grid processes while preserving Bayesian consistency.

* Autonomous, Al-driven field survey planning (e.g., optimal sensor placement,
adaptive acquisition).

Long- Term

Key enablers include: (i) model compression (quantization, pruning) for deployment on edge devices;
(i1) causal ML to respect the directionality of physical processes; (iii) self- supervised learning that
leverages abundant unlabeled geophysical recordings; (iv) community-driven data stewardship
ensuring curated, FAIR (Findable, Accessible, Interoperable, Reusable) datasets.

7. Conclusions
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Machine learning has progressed from a peripheral tool to a central component of modern geophysical
modeling. By learning complex, non-linear mappings, providing rapid surrogates, and enabling
data-rich inverse analyses, ML complements traditional physics- based approaches. Nevertheless, the
field faces critical challenges in scalability, physical fidelity, uncertainty quantification, and
interpretability. Addressing these issues through hybrid physics- ML frameworks, robust benchmark
infrastructures, and community- wide standards will unlock the full potential of Al for Earth-system
science and its societal applications.

By coupling data-driven techniques with domain-specific physics, researchers have achieved
improvements in computational efficiency, prediction accuracy, and operational decision-making.
Moreover, realizing the full potential of ML in geophysics requires concerted efforts to overcome data
limitations, ensure model interpretability, and maintain physical plausibility. Future research will likely
explore hybrid frameworks that deeply integrate machine learning with traditional simulation methods,
paving the way for smarter, faster, and more reliable geophysical solutions.
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