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Abstract: Carbon capture and storage (CCS) plays a role in mitigating climate change,
but effective implementation requires accurate prediction of CO2 behavior in geological
formations. This study introduces a novel machine learning framework for quantifying
uncertainty across 2D and 3D carbon storage models. We develop a dimension-adaptive
Bayesian neural network architecture that enables efficient knowledge transfer between
dimensional representations while maintaining physical consistency. The framework incor-
porates aleatoric uncertainty from inherent geological variability and epistemic uncertainty
from model limitations. Trained on over 5000 high-fidelity simulations across multiple
geological scenarios, our approach demonstrates superior computational efficiency, reduc-
ing analysis time for 3D models by 87% while maintaining prediction accuracy within 5%
of full simulations. The framework effectively captures complex uncertainty patterns in
spatiotemporal CO2 plume evolution. It identifies previously unrecognized parameter
interdependencies, particularly between vertical permeability anisotropy and capillary
entry pressure, which significantly impact plume migration in 3D models but are often
overlooked in 2D representations. Compared with traditional Monte Carlo methods, our
approach provides more accurate uncertainty bounds and enhanced identification of high-
risk scenarios. This multidimensional framework enables rapid assessment of storage
capacity and leakage risk under uncertainty, providing a practical tool for CCS site selection
and operational decision-making across dimensional scales.

Keywords: uncertainty quantification; machine learning; carbon capture and storage (CCS);
Bayesian neural networks; cross-dimensional modeling

1. Introduction
Carbon capture and storage (CCS) represents a critical technology for reducing green-

house gas emissions and mitigating climate change impacts [1,2]. The Intergovernmental
Panel on Climate Change (IPCC) has identified CCS as an essential component of pathways
limiting global warming to 1.5 °C above pre-industrial levels [1]. While our study focuses
on the storage component, it is important to acknowledge that effective CCS implemen-
tation requires the integration of capture technologies with secure storage solutions [3].
Successful implementation of CCS requires safe and efficient storage of CO2 in suitable ge-
ological formations, typically deep saline aquifers or depleted hydrocarbon reservoirs [4].
However, significant uncertainties exist regarding subsurface CO2 migration, trapping mecha-
nisms, and potential leakage pathways [5,6]. Numerical modeling of subsurface CO2 storage
provides crucial insights for site selection, capacity estimation, and risk assessment [7].
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Traditionally, such modeling has employed either two-dimensional (2D) or three-
dimensional (3D) approaches, each with distinct advantages and limitations. Two-
dimensional models offer computational efficiency and simplified representation, mak-
ing them suitable for rapid screening and uncertainty analysis [8]. In contrast, three-
dimensional models provide a more realistic representation of complex geological struc-
tures and flow dynamics, but at significantly higher computational cost [9,10]. This dimen-
sional dichotomy presents a fundamental challenge in carbon storage modeling: balancing
computational tractability with physical representativeness across dimensional scales.

Uncertainty quantification (UQ) is essential for the reliable prediction of CO2 behavior
in geological formations [11]. Sources of uncertainty in carbon storage models include
heterogeneous reservoir properties, fluid-rock interactions, and boundary conditions [12].
Traditional UQ approaches, such as Monte Carlo simulation, require numerous model eval-
uations, which become prohibitively expensive for 3D models [13,14]. This computational
bottleneck has limited comprehensive uncertainty assessment in carbon storage projects,
potentially leading to inadequate risk evaluation [15].

Recent advances in machine learning (ML) offer promising solutions for efficient
surrogate modeling and uncertainty quantification in geoscience applications [16,17]. Deep
neural networks, Gaussian processes, and ensemble methods have demonstrated suc-
cess in emulating complex physical systems while substantially reducing computational
demands [18]. The evolution of neural network techniques has significantly impacted
interpretability [19] and enhanced performance in complex process systems through var-
ious architectural approaches [20]. However, most existing ML approaches for carbon
storage modeling are dimension-specific, failing to leverage the complementary informa-
tion available across 2D and 3D representations [21,22]. Additionally, existing methods
often inadequately quantify predictive uncertainty, focusing primarily on point predictions
rather than comprehensive uncertainty bounds [23].

The limitations of current approaches highlight a significant research gap, that is, the
need for dimension-adaptive uncertainty quantification methods that can efficiently transfer
knowledge between 2D and 3D carbon storage models while providing a comprehensive
uncertainty assessment. Addressing this gap would enable more robust decision-making
in CCS projects while minimizing computational requirements.

This paper introduces a novel machine learning framework for uncertainty quantifica-
tion across dimensional scales in carbon storage modeling. Our key contributions include
the development of a dimension-adaptive Bayesian neural network architecture capable of
processing both 2D and 3D spatial data while maintaining physical consistency; the imple-
mentation of cross-dimensional transfer learning techniques that leverage information from
computationally efficient 2D models to enhance predictions in 3D domains; comprehen-
sive uncertainty quantification approach that distinguishes between aleatoric uncertainty
(inherent variability) and epistemic uncertainty (model limitations) across dimensional
scales; demonstration of significant computational efficiency gains while maintaining high
prediction accuracy in both 2D and 3D scenarios; and identification of critical parameters
driving uncertainty in carbon storage predictions and their dimensional dependence. These
advances directly address critical needs in carbon storage implementation by enabling rapid
multi-scenario risk assessment during site selection; optimizing injection strategies through
real-time uncertainty quantification; guiding monitoring system design through targeted
uncertainty mapping; and supporting regulatory compliance by quantifying prediction
confidence intervals across dimensional representations. By bridging the gap between com-
putational efficiency and physical representativeness, our framework provides practical
tools for accelerating carbon storage deployment at commercial scales.
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The remainder of this paper is organized as follows: Section 2 reviews background
literature on carbon storage modeling, uncertainty quantification, and relevant machine
learning approaches. Section 3 details our methodology, including the 2D and 3D model for-
mulations, dataset generation, and the dimension-adaptive machine learning architecture.
Section 4 presents results demonstrating performance, uncertainty quantification capabili-
ties, and computational efficiency of our approach. Section 5 discusses the implications of
our findings, limitations, and real-world applicability. Finally, Section 6 summarizes our
conclusions and suggests directions for future research.

2. Background and Related Work
2.1. Carbon Storage Modeling Approaches Across Dimensional Scales

Numerical modeling of carbon storage in geological formations has evolved signifi-
cantly over the past decades. Two-dimensional modeling approaches have been widely
employed for their computational efficiency and ability to capture essential physical pro-
cesses. Early 2D models focused on vertical cross-sections to investigate gravity-driven flow
and capillary trapping [24]. Subsequent work expanded these approaches with benchmark
2D problems incorporating heterogeneity and multiple phases [25]. More recently, the
effectiveness of vertically integrated 2D models for the rapid assessment of large-scale
CO2 migration patterns has been demonstrated [26]. Three-dimensional modeling ap-
proaches provide more realistic representations of complex geological structures, but at a
substantially higher computational cost. Comprehensive 3D models incorporating detailed
geological characterization predict CO2 plume evolution in heterogeneous formations
[27]. Other 3D models incorporate coupled geomechanical effects to assess caprock in-
tegrity during CO2 injection [28,29]. The importance of 3D representation for accurately
capturing gravity override and heterogeneity effects on plume migration has also been
highlighted [29]. The relationship between 2D and 3D modeling approaches has been
explored through dimensional reduction techniques, such as vertical equilibrium models
that approximate 3D physics using 2D computational domains [30]. Comparisons between
dimensionally reduced models and full 3D simulations identify scenarios where simplified
models adequately capture essential behavior [31]. These efforts highlight the potential
for cross-dimensional knowledge transfer but have not fully leveraged modern machine
learning techniques for efficient dimensional upscaling.

2.2. Sources of Uncertainty in 2D Versus 3D Carbon Storage Models

Uncertainty in carbon storage modeling stems from multiple sources with varying
significance across dimensional representations. In both 2D and 3D models, petrophysi-
cal properties such as permeability and porosity represent primary uncertainty sources
[32]. Spatial heterogeneity in these properties significantly impacts CO2 migration pat-
terns [33]. However, the representation of heterogeneity differs substantially between
dimensions, with 3D models capturing spatial correlation structures more completely than
2D approximations [34]. Structural uncertainties exhibit strong dimensional dependence.
While 2D models can represent major structural features like faults and formation dip, they
inadequately capture complex 3D geometries and connectivity [35]. Structural representa-
tion in 3D models critically affects trapping mechanism quantification [36]. Additionally,
3D models better capture boundary condition uncertainties related to regional flow patterns
and interaction with surrounding formations [37]. Process uncertainties also vary across
dimensional scales. Two-dimensional models often rely on simplified representations of
complex processes such as gravity segregation, capillary trapping, and dissolution [38].
These simplifications introduce systematic uncertainties compared to full 3D physics [38].
Furthermore, dimensional representation affects uncertainty in coupled processes, with
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3D models better capturing thermal, geomechanical, and geochemical interactions [39] .
The propagation of these uncertainties through models of different dimensionality remains
insufficiently understood. Traditional approaches analyze uncertainty separately in each
dimensional context without leveraging cross-dimensional relationships [40]. This gap
highlights the need for uncertainty quantification methods that can systematically compare
and transfer uncertainty characterization across dimensional scales.

2.3. Machine Learning for Cross-Dimensional Surrogate Modeling

Machine learning approaches have emerged as powerful tools for creating surrogate
models that emulate complex physical simulations at reduced computational cost. Deep
learning models have been implemented for carbon storage applications to predict CO2

plume evolution in 2D domains and capture multiphase flow dynamics in heterogeneous
porous media [16,41,42]. Physics-informed neural networks incorporate domain knowl-
edge to improve prediction accuracy while ensuring physical consistency [43]. Dimension-
specific architectures address the unique characteristics of different spatial representations.
For 2D modeling, U-Net architectures prove effective for capturing spatial patterns [44]. For
3D applications, 3D CNNs and graph neural networks show promise in capturing complex
spatial relationships [45]. However, most existing approaches treat dimensional repre-
sentations as separate domains, failing to leverage complementary information. Recent
advances in transfer learning offer promising directions for cross-dimensional knowledge
transfer. Pre-training on simplified models can improve performance on complex simula-
tions [46]. Domain adaptation techniques transfer knowledge between related subsurface
flow problems [47]. Multi-fidelity modeling approaches combine high-fidelity (3D) and
low-fidelity (2D) simulations to improve accuracy while reducing computational require-
ments [48]. Despite these advances, machine learning for carbon storage modeling faces
challenges. Most methods focus on deterministic predictions rather than comprehensive
uncertainty quantification [49]. Additionally, preserving physical constraints across di-
mensional transformations remains challenging [50]. These limitations highlight the need
for dimension-adaptive machine learning approaches that maintain physical consistency
while providing robust uncertainty quantification. As shown in Table 1, our dimension-
adaptive machine learning framework demonstrates superior capabilities across multiple
features compared to existing approaches, including dimensional flexibility, uncertainty
quantification methodology, and computational efficiency.

Table 1. Comparison of our dimension-adaptive ML framework with existing ML-UQ approaches
for CCS.

Feature This Work Zhu & Zabaras [18] 3D CNNs [45] Dropout-Based UQ [51]

Dimensional capability 2D and 3D with
cross-dimensional transfer Single dimension (2D) Single dimension (3D) Single dimension (2D)

UQ approach

Bayesian neural networks
with aleatoric and
epistemic uncertainty
separation

Bayesian deep
convolutional
encoder-decoder

Deterministic with
ensemble-based UQ Monte Carlo dropout

Physical constraints Explicit physics-informed
constraints Implicit through data None None

Parameter
interdependencies Explicitly modeled Not addressed Not addressed Not addressed

Computational efficiency 104–105 × vs. Monte Carlo 103 × vs. Monte Carlo 103 × vs. Monte Carlo 102 × vs. Monte Carlo

Real-world applicability Tested on multiple
geological scenarios Limited to synthetic cases Single reservoir type Single reservoir type
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2.4. Uncertainty Quantification Techniques for Dimensional Transfer

Uncertainty quantification in surrogate modeling has advanced with probabilistic
machine learning methods. Bayesian neural networks provide a framework for estimat-
ing predictive uncertainty in deep learning [52]. Deep ensembles offer a non-Bayesian
alternative for uncertainty estimation [53,54]. These approaches enable the distinction
between aleatoric uncertainty (inherent data variability) and epistemic uncertainty (model
limitations) [55,56]. For geoscience applications, Gaussian process regression quantifies
uncertainty in subsurface flow [57]. Dropout-based Bayesian approximation in CNNs
quantifies uncertainty in CO2 plume predictions [51]. These methods predominantly focus
on single-dimensional applications, without addressing uncertainties introduced during
dimensional transfer. The challenges of UQ across dimensional scales have received lim-
ited attention. Analysis shows uncertainty propagates differently in vertically integrated
models compared to full 3D simulations [58]. Calibration techniques can correct for bi-
ases introduced by dimensional reduction [59]. However, comprehensive frameworks
for quantifying and transferring uncertainty across dimensions remain underdeveloped.
Multi-fidelity uncertainty quantification offers relevant insights. Approaches combine
low-fidelity (e.g., 2D) and high-fidelity (e.g., 3D) models to improve prediction accuracy
with quantified uncertainty [60,61]. Foundational methods calibrate simplified models
using limited high-fidelity data [62]. Adapting these approaches to dimensional transfer
challenges in carbon storage modeling could significantly advance UQ capabilities while
maintaining computational efficiency. The literature reveals opportunities for advancing
carbon storage modeling through dimension-adaptive ML. By combining advances in trans-
fer learning, UQ, and physics-informed networks, more efficient and accurate methods for
predicting CO2 behavior across dimensions can be developed.

3. Materials and Methods
3.1. Mathematical Formulation of Carbon Storage Models
3.1.1. 2D Carbon Storage Model

Our two-dimensional model represents a vertical cross-section of a saline aquifer with
CO2 injection. The model incorporates the two-phase flow (CO2 and brine) in porous
media governed by mass conservation principles and Darcy’s law. For the CO2 phase, the
mass conservation equation is expressed as follows [63]:

∂

∂t
(ϕρcSc) +∇ · (ρcuc) = qc (1)

where ϕ is porosity, ρc is CO2 density, Sc is CO2 saturation, uc is the Darcy velocity of CO2,
and qc is the source/sink term. Similarly, for the brine phase:

∂

∂t
(ϕρbSb) +∇ · (ρbub) = qb (2)

where subscript b denotes brine properties. The phase saturations sum to unity:

Sc + Sb = 1 (3)

The Darcy velocities for each phase are determined by the following:

uc = − kr,c

µc
K · (∇pc − ρcg∇z) (4)

ub = −
kr,b

µb
K · (∇pb − ρbg∇z) (5)
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where kr,c and kr,b are relative permeabilities, µc and µb are dynamic viscosities, K is the
absolute permeability tensor, pc and pb are phase pressures, g is gravitational acceleration,
and z is the vertical coordinate. The phase pressures are related through the capillary
pressure:

pc − pb = pcap(Sb) (6)

For the 2D model, we employ the Brooks–Corey relation [64] for relative permeability
and capillary pressure:

kr,c = k0
r,c

(
1 − Sb − Sr,c

1 − Sr,b − Sr,c

)nc

(7)

kr,b = k0
r,b

(
Sb − Sr,b

1 − Sr,b − Sr,c

)nb

(8)

pcap = pe

(
Sb − Sr,b

1 − Sr,b − Sr,c

)−1/λ

(9)

where Sr,c and Sr,b are residual saturations, k0
r,c and k0

r,b are endpoint relative permeabilities,
nc and nb are exponents, pe is entry pressure, and λ is the pore size distribution index.
The 2D model domain represents a vertical cross-section with dimensions of 5 km × 0.1 km,
discretized into a 500 × 50 grid. The domain incorporates heterogeneous permeability and
porosity fields generated using sequential Gaussian simulation with specified correlation
lengths and variance [65]. We consider five geological layers with contrasting properties,
representing alternating aquitards and aquifers. The CO2 injection occurs through a single
well located in the bottom aquifer. Boundary conditions include no-flow conditions at the
top (representing an impermeable caprock) and bottom boundaries, hydrostatic pressure at
the right boundary, and a no-flow condition at the left boundary representing a symmetry
plane or geological seal. The initial condition assumes a hydrostatic pressure distribution
and full brine saturation.

3.1.2. 3D Carbon Storage Model

Our three-dimensional model extends the 2D formulation to capture the full spatial
complexity of CO2 storage. The governing Equations (1)–(9) remain applicable, but the
domain becomes a 3D volume with dimensions of 5 km × 5 km × 0.1 km, discretized into a
100 × 100 × 20 grid for computational efficiency.

In addition to the physics captured in the 2D model, the 3D formulation incorporates
full 3D anisotropic permeability tensors [66], which account for directional flow preferences
commonly observed in sedimentary formations:

K =

kx 0 0
0 ky 0
0 0 kz

 (10)

where kx, ky, and kz represent permeabilities in the principal directions. Typically, kz is
significantly lower than kx and ky due to geological layering, with anisotropy ratios (kz/kx)
ranging from 0.01 to 0.5 in our simulations.

The spatial heterogeneity of permeability and porosity is represented through geosta-
tistical modeling [67], where the logarithm of permeability and other spatial properties are
modeled as Gaussian random fields:

Z(x) = µ + σY(x) (11)
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where Z(x) is the spatial property (e.g., log-permeability) at location x, µ is the mean value,
σ is the standard deviation controlling heterogeneity magnitude, and Y(x) is a spatially
correlated random field with zero mean and unit variance.

The spatial correlation structure of Y(x) is defined by an anisotropic variogram model
[68], which accounts for different correlation lengths in the principal directions:

γ(h) = c0 + c1

1 − exp

−

√(
hx

λx

)2
+

(
hy

λy

)2

+

(
hz

λz

)2
 (12)

where γ(h) is the variogram value at lag vector h, c0 is the nugget effect representing
small-scale variability, c1 is the sill representing the total variance, and λx, λy, and λz are
correlation lengths in the principal directions. In our model, horizontal correlation lengths
(λx, λy) range from 500 to 5000 m, while vertical correlation lengths (λz) are much shorter
(5–50 m), reflecting the layered structure of sedimentary formations. Figure 1 illustrates the
workflow for generating spatially correlated permeability fields and their incorporation
into the simulation model.

The 3D model also incorporates structural features, including formation dip and
anticline structures [69], modeled as adjustments to the vertical coordinate:

z′(x) = z(x) + αxx + αyy + A sin
(

2πx
Lx

)
sin

(
2πy
Ly

)
(13)

where z′(x) is the adjusted vertical coordinate, αx and αy are dip angles in the x and y
directions, A is the amplitude of the anticline structure, and Lx and Ly are the wavelengths.

The 3D model accommodates multiple injection wells with varying injection rates
and locations, enabling more realistic operational scenarios. Boundary conditions include
no-flow at the top and bottom boundaries, with hydrostatic pressure conditions at the
lateral boundaries that may incorporate regional groundwater flow gradients:

p|lateral = phydrostatic +∇pregional · x (14)

This comprehensive 3D model captures the full three-dimensional complexity of CO2

migration in heterogeneous formations, including buoyancy-driven flow, structural trap-
ping, and the effects of geological heterogeneity at multiple scales. While computationally
more demanding than 2D models, this representation is essential for the accurate prediction
of plume migration patterns and trapping mechanisms in real geological settings.

3.2. Dataset Generation
3.2.1. Parameter Space Sampling

We employed Latin hypercube sampling (LHS) [70] to explore the high-dimensional
parameter space of our models. For both 2D and 3D models, we considered 18 uncertain
parameters, including the following: permeability statistics (mean and variance of log-
permeability for each geological layer), porosity statistics (mean and variance for each
layer), relative permeability parameters (residual saturations and exponents), capillary
pressure parameters (entry pressure and pore size distribution index), anisotropy ratios
(vertical to horizontal permeability ratios), correlation lengths in principal directions (only
for 3D model), injection rate, and duration. These 18 parameters were selected based
on comprehensive sensitivity analyses from previous studies [32,33,36], which identified
them as the most influential for CO2 plume migration and pressure evolution in geological
storage. The parameter ranges were determined based on literature values for typical saline
aquifers [33] and are summarized in Table 2.
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Figure 1. Workflow for generating heterogeneous permeability fields in carbon storage simulations.
The process begins with statistical parameters (µ, σ, λx, λy, λz) that define the spatial heterogeneity
characteristics. These parameters control the generation of a random field with unit variance, which
is then transformed through a variogram-based spatial correlation model. The correlated field is
scaled and shifted to obtain log-permeability values, which are finally converted to a permeability
tensor with directional components (kx, ky, kz). Example outputs at each stage are shown on the
right—the initial random field (first-right) , spatially correlated field (second-right), log-permeability
distribution (third-bottom), and the resulting anisotropic permeability tensor representation (fourth-
bottom), where different arrow lengths illustrate the typical vertical-to-horizontal anisotropy in
geological formations.

For the 2D model, we generated 5000 parameter combinations using LHS. For the
3D model, due to higher computational demands, we generated 1000 parameter combi-
nations. To enhance the efficiency of our sampling, we employed an adaptive sampling
approach [71] where 80% of the samples were generated using standard LHS, while 20%
were focused on regions of high output gradient identified through preliminary simulations.
The high-gradient regions were identified using a two-step process. First, we conducted
a preliminary set of simulations across the parameter space; second, we calculated the
gradient of key output variables (CO2 plume extent and maximum pressure) to each input
parameter using finite differences. Parameter combinations yielding gradient magnitudes
in the top 20th percentile were designated as high-gradient regions, and additional samples
were concentrated in these areas to better capture nonlinear behavior.
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Table 2. Parameter ranges used in simulation study.

Parameter Minimum Maximum Units

Log-permeability mean (aquifer) −14 −12 log (m2)
Log-permeability mean (aquitard) −17 −15 log (m2)
Log-permeability variance 0.5 2.0 log (m2)2

Porosity mean (aquifer) 0.1 0.3 -
Porosity mean (aquitard) 0.05 0.15 -
Porosity variance 0.001 0.01 -
Residual CO2 saturation 0.05 0.3 -
Residual brine saturation 0.1 0.4 -
Brooks–Corey exponent (CO2) 1.5 4.0 -
Brooks–Corey exponent (brine) 1.5 4.0 -
Entry pressure 104 106 Pa
Pore size distribution index 0.3 0.7 -
Anisotropy ratio (kz/kx) 0.01 0.5 -
Horizontal correlation length 500 5000 m
Vertical correlation length 5 50 m
Injection rate 0.5 2.0 Mt/year
Injection duration 10 30 years
Regional pressure gradient 0 500 Pa/m

3.2.2. Simulation Setup

The simulations were performed using a custom Python-based simulator for solving
the governing multiphase flow equations in porous media, specifically designed for CO2-
brine systems. The simulator implements finite element discretization with adaptive mesh
refinement capabilities for multidimensional fluid and heat flow in porous and fractured
media. The thermophysical properties module handles H2O-NaCl-CO2 mixtures using
the Span-Wagner equation of state for CO2 [72] and Duan-Sun models for brine properties
[73], including accurate phase partitioning, density, and viscosity calculations across the
temperature, pressure, and salinity ranges relevant to geologic carbon storage applications.

For the 2D model, each simulation required approximately 20 min on a single core
of an Intel Xeon processor. For the 3D model, simulations required approximately 8 h
on 16 cores of the same processor type. We used an adaptive time-stepping scheme with
initial timesteps of 0.1 days during the early injection period, gradually increasing to 1 year
during the post-injection period. Each simulation covered the injection period (10–30 years,
depending on the parameter set) plus 50 years of post-injection monitoring to capture
long-term CO2 fate. Convergence criteria included relative error tolerances of 10−5 for
pressure and 10−4 for saturation. Simulations that failed to converge (approximately 3% of
the total) were excluded from the dataset and replaced with new parameter combinations.
For each simulation, we recorded the following output variables: CO2 plume extent
(defined by the 0.01 saturation contour) at 5-year intervals, pressure distribution at 5-year
intervals, vertically averaged CO2 saturation (for 3D models) at 5-year intervals, total
trapped CO2 mass (by residual, dissolution, and structural mechanisms) at 5-year intervals,
and maximum pressure buildup at the injection well over time.

3.2.3. Data Preprocessing

The simulation outputs were preprocessed to create consistent training data for the
machine learning models. For the 2D model outputs, we employed a uniform grid of
100 × 20 cells to represent the CO2 saturation and pressure fields, using bilinear interpola-



Processes 2025, 13, 1834 10 of 32

tion where necessary. For 3D model outputs, we used a uniform grid of 50 × 50 × 10 cells
with trilinear interpolation. To facilitate dimensional comparison, we also created a 2D
projection of the 3D results by vertically averaging the saturation and pressure fields.
This enabled direct comparison between 2D model predictions and the vertically aver-
aged behavior of the 3D model. The input parameter space was normalized to the range
[0, 1] using min-max scaling. Categorical parameters (e.g., different geological scenarios)
were encoded using one-hot encoding. For output fields, we applied a scaled logistic
transformation to the CO2 saturation:

S′
c = log

(
Sc + ϵ

1 − Sc + ϵ

)
(15)

where ϵ = 10−6 is a small constant to avoid numerical issues at Sc = 0 or Sc = 1. For
pressure fields, we normalized relative to hydrostatic pressure:

p′ =
p − phydrostatic

pref
(16)

where pref = 106 Pa is a reference pressure scale. The final preprocessed dataset consisted
of input parameter vectors of dimension 18 and output fields representing CO2 saturation
and pressure at different time steps. For each parameter combination, we stored the full
spatiotemporal evolution as a 4D tensor (3D space + time) for 3D models and a 3D tensor
(2D space + time) for 2D models.

3.3. Dimension-Adaptive Machine Learning Architecture
3.3.1. Overall Framework

We developed a dimension-adaptive machine learning framework to enable efficient
uncertainty quantification across 2D and 3D carbon storage models. The framework consists
of three main components, as follows: a dimension-adaptive neural network architecture
processing both 2D and 3D spatial data, a Bayesian formulation for UQ distinguishing
aleatoric and epistemic uncertainty, and a cross-dimensional transfer learning approach
leveraging 2D models for 3D predictions. The overall workflow integrates these compo-
nents to provide uncertainty-quantified predictions across dimensional scales, as illustrated
conceptually in Figure 2.

3.3.2. Dimension-Adaptive Neural Network

The neural network architecture employs four hidden layers (128, 64, 32, 16 neurons)
with ReLU activations and linear output activation for regression. Regularization includes
L2 (λ = 0.001), dropout (rates 0.3, 0.25, 0.2, 0.15), and batch normalization before each
activation. Training used Adam optimizer (initial rate 0.001, decay 0.1 per 10 epochs
without improvement), batch size 64, maximum 200 epochs, and early stopping (15 epochs
patience). Hyperparameters were optimized via Bayesian optimization (50 trials) across
learning rates (10−4 to 10−2), dropout rates (0.1–0.5), L2 strengths (10−5 to 10−2), and
layer configurations, selecting the lowest validation RMSE over 5-fold cross-validation.
The model is formulated to take parameter vectors and optional conditional inputs (e.g.,
time step indicators) and produce the corresponding CO2 saturation and pressure fields.
For 2D inputs, the model can generate either 2D outputs or 3D outputs (through the
dimensional transfer mechanism). For 3D inputs, the model generates 3D outputs but can
also produce 2D projections of these outputs. The architecture employs residual connections
[74] between corresponding encoder and decoder layers to preserve spatial information.
We also incorporate spatial attention mechanisms [75] to focus on regions of high gradient,
which are particularly important for capturing plume fronts and heterogeneity effects.



Processes 2025, 13, 1834 11 of 32

To maintain physical consistency, we enforce several constraints, i.e., mass conservation,
saturation bounds ([0, 1]), and pressure-saturation consistency. These constraints are
incorporated through custom loss terms in the training objective.

2D Encoder

3D Encoder

Shared Latent Space

2D Decoder

3D Decoder

Cross-Dimensional
Transfer Learning

2D Input Parameters

3D Input Parameters

2D Predictions with Uncertainty

3D Predictions with Uncertainty

Figure 2. Schematic representation of the dimension-adaptive machine learning framework.
The framework includes separate encoders for 2D and 3D inputs, a shared latent space, and dimension-
specific decoders. Uncertainty quantification is performed through Bayesian methods, with knowl-
edge transfer between dimensional representations.

3.3.3. Bayesian Formulation for Uncertainty Quantification

We adopt a Bayesian formulation of the neural network to quantify prediction uncer-
tainty. Rather than learning point estimates of the network weights, we learn posterior
distributions over these weights, enabling uncertainty estimation in the predictions. We im-
plement this using variational inference with the Bayes by Backprop approach [76]. For
each weight w in the network, we define a variational posterior distribution q(w|θ) param-
eterized by θ. We use Gaussian distributions with diagonal covariance:

q(w|θ) = N (w|µw, σ2
w) (17)

where θ = {µw, σ2
w} are the variational parameters for weight w. The training objective

combines the negative log-likelihood of the data given the weights and the Kullback-Leibler
divergence between the posterior and a prior distribution:

L(θ) = −Eq(w|θ)[log p(D|w)] + βKL[q(w|θ)||p(w)] (18)

where D is the training data, p(w) is a prior distribution over weights (we use a scale
mixture of Gaussians), and β is a tempering parameter that balances the likelihood and
prior terms. To distinguish between aleatoric and epistemic uncertainty, we model the
output distributions as Gaussian with predicted mean and variance:

p(y|x, w) = N (y| fµ(x, w), f 2
σ(x, w)) (19)

where fµ(x, w) and f 2
σ(x, w) are the predicted mean and variance functions, respectively.

The aleatoric uncertainty is captured by f 2
σ(x, w), while the epistemic uncertainty is repre-

sented by the variance of fµ(x, w) across different weight samples.
For computational efficiency, we use Monte Carlo dropout [77] as an approximation

to Bayesian inference. During both training and inference, dropout is applied with a proba-
bility of 0.2 after each convolutional layer. For prediction, we perform 100 forward passes
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with different dropout patterns to sample from the approximate posterior distribution. Our
choice of Gaussian variational posteriors and Monte Carlo dropout was based on extensive
experimentation comparing alternative approaches, including deep ensembles [53] and
Hamiltonian Monte Carlo sampling. The Gaussian variational approach with dropout
provided the best balance between computational efficiency and uncertainty quantification
accuracy, particularly for capturing multimodal output distributions that frequently occur
in CO2 plume evolution. In sensitivity analyses, we found that while full Bayesian inference
via Hamiltonian Monte Carlo provided marginally better calibration (2–3% improvement
in prediction interval coverage), it required approximately 20× more computation time,
making it impractical for our large-scale application.

3.3.4. Cross-Dimensional Transfer Learning

A key innovation in our approach is the cross-dimensional transfer learning mecha-
nism that enables knowledge transfer between 2D and 3D representations. We implement
this through three complementary strategies. First, shared latent space training. We train
the network to map both 2D and 3D inputs to a common latent space where physical
properties are represented in a dimension-agnostic manner. This is achieved through a
contrastive loss term [78] that minimizes the distance between the latent representations of
corresponding 2D and 3D simulations:

Lcontrastive = ∑
i

max(0, m + d(zi
2D, zi

3D)− d(zi
2D, zj

3D)) (20)

where zi
2D and zi

3D are the latent representations of corresponding 2D and 3D simulations,

zj
3D is the latent representation of a different 3D simulation, d(·, ·) is a distance metric

(we use cosine distance), and m is a margin parameter. Second, dimensional projection
consistency. We enforce consistency between the 2D projection of 3D outputs and the direct
2D outputs through an additional loss term:

Lproj = ∥P( f3D(x))− f2D(x)∥2
2 (21)

where P(·) is a projection operator that averages the 3D output along the vertical dimension,
and f2D(·) and f3D(·) are the 2D and 3D output functions, respectively. Third, sequential
transfer learning. We first train the model on the larger 2D dataset, then fine-tune it on
the smaller 3D dataset while freezing parts of the network. This approach leverages the
more abundant 2D data to learn generalizable patterns before specializing to 3D. During
fine-tuning, we apply a layer-wise learning rate decay strategy, in which deeper layers are
assigned higher learning rates to better adapt to 3D-specific features.

3.3.5. Network Architecture Details

The dimension-adaptive neural network consists of dimension-specific encoders and
decoders with a shared latent space. The 2D encoder processes 2D spatial inputs using
a series of 2D convolutional layers with increasing filter counts (32, 64, 128) and decreas-
ing spatial dimensions through strided convolutions. The 3D encoder follows a similar
structure but uses 3D convolutional layers to process 3D spatial inputs. Both encoders
map to a common latent space of dimension 256. The decoders mirror the encoders with
transposed convolutions for upsampling. Skip connections between corresponding encoder
and decoder layers help preserve spatial information. For the 2D-to-3D transfer path, we
include a dimension expansion module that transforms 2D latent representations to 3D.
This module uses 1D convolutions along the new dimension, followed by reshaping and
3D convolutions to refine the expanded representation. For the 3D-to-2D path, we use a
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dimension reduction module with global average pooling along the vertical dimension,
followed by 2D convolutions. The network also includes attention mechanisms [79] that
learn to focus on regions of high importance, such as the CO2 plume front or areas of high
heterogeneity.

3.3.6. Training Procedure and Loss Function

The overall loss function combines several terms to address different aspects of the
learning problem:

L = λ1Lpred + λ2LKL + λ3Lcontrastive + λ4Lproj + λ5Lphys (22)

where Lpred is the prediction loss (negative log-likelihood), LKL is the KL divergence
term from the Bayesian formulation, Lcontrastive is the contrastive loss for shared latent
space training, Lproj is the projection consistency loss, and Lphys represents physics-based
constraints. The coefficients λ1 through λ5 balance the different loss terms and were set to
1.0, 0.1, 0.5, 0.5, and 0.8, respectively, based on validation performance. These coefficients
were found to be robust to moderate variations (±50%), with model performance remaining
within 10% of optimal across this range. The physics-based constraints include mass
conservation, saturation bounds, and pressure-saturation consistency:

Lphys = Lmass + Lbounds + Lconsistency (23)

The mass conservation constraint ensures that the total CO2 mass in the domain
matches the injected amount minus any mass that exits through boundaries. The satu-
ration bounds constraint penalizes predictions outside the physically valid range [0,1].
The pressure-saturation consistency constraint enforces the relationship between pressure
gradients and fluid flow according to Darcy’s law. The training procedure follows a cur-
riculum learning approach [80], starting with simpler cases (homogeneous domains, early
time steps) and gradually introducing more complex scenarios (heterogeneous domains,
later time steps). We use a batch size of 64 and the Adam optimizer with an initial learning
rate of 0.001, which is reduced by a factor of 0.1 when the validation loss plateaus for
10 epochs. Training is performed for a maximum of 200 epochs with early stopping based
on validation loss and a patience of 15 epochs.

3.4. Evaluation Metrics

To evaluate the performance of our framework, we employ several metrics that assess
both prediction accuracy and uncertainty quantification quality. For prediction accuracy,
we use the root mean square error (RMSE) and coefficient of determination (R2) between
predicted and simulated CO2 saturation and pressure fields. We also compute the struc-
tural similarity index (SSIM) [81] to assess the spatial pattern similarity between predicted
and simulated fields. For uncertainty quantification, we evaluate the calibration of un-
certainty estimates using the prediction interval coverage probability (PICP) and mean
prediction interval width (MPIW) [82]. PICP measures the fraction of test points where
the true value falls within the predicted uncertainty bounds, while MPIW measures the
average width of these bounds. A well-calibrated model should have a PICP close to the
nominal coverage level (e.g., 95%) with the smallest possible MPIW. We also compute
the continuous ranked probability score (CRPS) [83], which provides a comprehensive
assessment of probabilistic predictions by measuring the integrated squared difference
between the predicted cumulative distribution function and the empirical distribution of
the observations. For computational efficiency, we report the speedup factor compared to
full physics-based simulations and the memory requirements of the trained models.
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4. Results
4.1. Prediction Accuracy Across Dimensional Scales

Our dimension-adaptive machine learning framework demonstrates high predic-
tion accuracy for both 2D and 3D carbon storage models. Figure 3 shows representa-
tive examples of predicted CO2 saturation fields compared to ground truth simulations
for both 2D and 3D cases. The framework accurately captures the complex spatial pat-
terns of CO2 plume migration, including gravity override, heterogeneity effects, and
boundary interactions.
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Figure 3. Comparison of predicted and simulated CO2 saturation fields. (A) 2D vertical cross-section
at 30 years post-injection. (B) Horizontal slice of the 3D model at reservoir midpoint, 20 years
post-injection. (C) Vertical slice of the 3D model through the injection well, 20 years post-injection.
(D) Prediction error distribution for 2D and 3D models.

Quantitatively, the framework achieves an average RMSE of 0.031 for CO2 saturation
in 2D models and 0.042 in 3D models on the test set. For pressure predictions, the average
RMSE is 0.15 MPa for 2D models and 0.22 MPa for 3D models. The R2 values for CO2

saturation are 0.94 for 2D and 0.91 for 3D, while for pressure, they are 0.97 for 2D and 0.95
for 3D. The SSIM values, which measure structural similarity, are consistently above 0.9 for
both 2D and 3D predictions, indicating excellent preservation of spatial patterns. Figure 4
shows how prediction accuracy varies with training dataset size for both 2D and 3D models.
The learning curves demonstrate that our cross-dimensional transfer learning approach
significantly improves 3D prediction accuracy, especially when limited 3D training data is
available.

The framework’s ability to transfer knowledge between dimensions is further
demonstrated by comparing the performance of our dimension-adaptive approach with
dimension-specific models trained separately on 2D and 3D data. Table 3 shows that our
approach outperforms dimension-specific models, particularly for 3D predictions, where
the improvement is most pronounced when limited 3D training data is available.
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Figure 4. CO2 Saturation RMSE as a function of training dataset size. The cross-dimensional transfer
learning approach (solid lines) shows significant improvement over dimension-specific models
(dashed lines), especially for 3D predictions with limited training data.

Table 3. Performance comparison between dimension-adaptive and dimension-specific models.

Model CO2 Saturation RMSE Pressure RMSE (MPa)
2D 3D 2D 3D

Dimension-specific 0.035 0.058 0.17 0.31
Dimension-adaptive (ours) 0.031 0.042 0.15 0.22
Improvement 11.4% 27.6% 11.8% 29.0%

4.2. Uncertainty Quantification Performance

A key strength of our framework is its ability to quantify prediction uncertainty
across dimensional scales. Figure 5 illustrates the uncertainty estimates for CO2 saturation
predictions in both 2D and 3D models. The framework successfully captures regions of
high uncertainty, which typically occur at the plume front, near heterogeneity boundaries,
and in areas with complex flow patterns.

Our Bayesian formulation enables the decomposition of total uncertainty into aleatoric
(data) and epistemic (model) components. Figure 6 shows this decomposition for a rep-
resentative 3D case. Aleatoric uncertainty is highest in regions with high heterogeneity
and near-phase boundaries, reflecting the inherent variability in these areas. Epistemic
uncertainty is more pronounced in regions with limited training data coverage, such as
extreme parameter combinations or complex flow patterns.

The calibration of uncertainty estimates is assessed using PICP and MPIW metrics with
their associated standard deviations to evaluate both accuracy and consistency. For 95%
prediction intervals, our framework achieves a PICP of 93.8% ± 1.3% for 2D models and
92.1% ± 1.9% for 3D models, indicating slight under-coverage but still within acceptable
limits and with lower variability than competing methods. The corresponding MPIW
values are 0.18 ± 0.02 for 2D and 0.24 ± 0.02 for 3D, demonstrating a favorable balance
between coverage and interval width. Table 4 compares our uncertainty quantification
performance with alternative approaches, including Monte Carlo dropout, deep ensembles,
and Gaussian processes. Notably, the Gaussian Process approach is marked as “N/A” (Not
Applicable) for 3D models due to its prohibitive computational and memory requirements
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for high-dimensional problems, a limitation our framework successfully overcomes while
maintaining robust uncertainty quantification performance.
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Figure 5. Uncertainty quantification for CO2 saturation predictions. (A) Mean prediction for 2D
model. (B) Total uncertainty (predictive standard deviation) for 2D model. (C) Aleatoric uncertainty
component for 2D model. (D) Vertical profile showing mean prediction with 95% uncertainty bounds.

Table 4. Comparison of uncertainty quantification methods for CO2 saturation predictions.

Method PICP (%) ± std MPIW ± std
2D 3D 2D 3D

Monte Carlo Dropout 89.5 ± 2.1 86.2 ± 2.8 0.16 ± 0.02 0.21 ± 0.03
Deep Ensembles 92.3 ± 1.8 90.5 ± 2.2 0.19 ± 0.02 0.26 ± 0.03
Gaussian Process 94.2 ± 1.5 N/A 0.22 ± 0.03 N/A
Our Framework 93.8 ± 1.3 92.1 ± 1.9 0.18 ± 0.02 0.24 ± 0.02

The CRPS values for our framework are 0.021 for 2D models and 0.029 for 3D models,
outperforming the alternative approaches. The framework also demonstrates good calibra-
tion across different prediction quantiles, as shown in Figure 7, which plots the empirical
coverage against the nominal coverage for various prediction intervals.
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Figure 6. Decomposition of uncertainty for 3D CO2 saturation predictions. (A) Mean prediction
showing CO2 saturation distribution. (B) Total uncertainty.
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Figure 7. Calibration curves showing empirical coverage vs. nominal coverage for prediction
intervals; (A) 2D model calibration; (B) 3D model calibration. The dashed line represents perfect
calibration.

4.3. Parameter Interdependencies and Dimensional Uncertainty Gap

Our framework reveals important parameter interdependencies that affect CO2 stor-
age behavior differently across dimensional scales. Figure 8 illustrates the uncertainty
propagation from input parameters to output predictions for both 2D and 3D models.
The analysis identifies a “dimensional uncertainty gap” for certain parameters, where the
uncertainty contribution differs significantly between 2D and 3D representations.
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Figure 8. Uncertainty propagation from input parameters to CO2 plume extent predictions. (A) Rela-
tive contribution of parameters to prediction uncertainty in 2D models. (B) Relative contribution in
3D models.

The most significant dimensional uncertainty gaps are observed in vertical perme-
ability anisotropy, which has a much stronger influence in 3D models, and in capillary
entry pressure, which exhibits complex interdependencies with other parameters in 3D
that are not captured in 2D models. Specifically, we identified a previously unrecognized
interdependency between vertical permeability anisotropy and capillary entry pressure
that significantly impacts the vertical migration and lateral spreading of the CO2 plume
in 3D models. In 2D models, these parameters appear largely independent, but in 3D,
their interaction creates complex flow patterns that can either enhance or inhibit vertical
migration depending on their relative values.

This interdependency is particularly important for risk assessment, as it affects the
potential for CO2 to reach shallower formations. Our analysis shows that when vertical
permeability anisotropy is low (high vertical permeability) and capillary entry pressure
is also low, the CO2 plume tends to migrate vertically much more rapidly than would be
predicted by 2D models or by considering these parameters independently. Conversely,
when vertical permeability anisotropy is high (low vertical permeability) and capillary
entry pressure is high, lateral spreading dominates, potentially increasing the contact area
with formation water and enhancing dissolution trapping.

Figure 9 shows how this interdependency affects the CO2 plume shape and uncer-
tainty bounds in 3D models compared to 2D projections. The 3D model captures the
complex interplay between vertical and lateral migration that is not fully represented in
the 2D model.

4.4. Computational Efficiency

One of the primary advantages of our machine learning framework is its computa-
tional efficiency compared to traditional physics-based simulations. Table 5 summarizes
the computational requirements and speedup factors for different approaches.
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Figure 9. Effect of parameter interdependencies on CO2 plume shape and uncertainty.
(A) The 2D model prediction with uncertainty bounds. (B) Vertical cross-section of the 3D model
prediction with uncertainty bounds. (C) Horizontal cross-section of the 3D model at different depths,
showing the effect of vertical permeability anisotropy and capillary entry pressure interdependency.

Table 5. Computational efficiency comparison across methods.

Method Computation Time Speedup Factor Memory (MB)

Full Physics Simulation (2D) 20 min 1 × N/A
Full Physics Simulation (3D) 8 h 1 × N/A
Monte Carlo UQ (1000 samples, 2D) 14 days 1 × N/A
Monte Carlo UQ (1000 samples, 3D) 333 days 1 × N/A
Polynomial Chaos Expansion 2–6 h 102–103× 50–100
Sparse Grid Interpolation 1–4 h 102–103× 100–200
Our Framework (2D prediction) 0.2 s 6 × 103× 125
Our Framework (3D prediction) 1.5 s 1.9 × 104× 400
Our Framework (UQ, 2D) 15 s 8 × 104× 125
Our Framework (UQ, 3D) 2 min 2.4 × 105× 400

For a single prediction, our framework is approximately 6000 times faster than a full
2D physics simulation and 19,000 times faster than a full 3D simulation. For uncertainty
quantification with 1000 Monte Carlo samples, the speedup factors increase to approx-
imately 80,000 for 2D and 240,000 for 3D. Compared to more efficient traditional UQ
methods like polynomial chaos expansion or sparse grid interpolation, our framework still
offers 10–100× speedup while providing more comprehensive uncertainty information.

The memory requirements of our framework are modest, with the 2D model requiring
125 MB and the 3D model requiring 400 MB. The total memory requirement for the complete
framework, including both 2D and 3D models and the dimensional transfer components, is
525 MB, making it practical for deployment on standard computing hardware. This compu-
tational efficiency enables rapid assessment of multiple scenarios and real-time uncertainty
quantification, which would be infeasible with traditional physics-based approaches.

While our framework demonstrates exceptional computational efficiency for the eval-
uated domain sizes (5 km × 5 km × 0.1 km with up to 100 × 100 × 20 grid cells), scaling
to substantially larger domains (e.g., basin-scale modeling with > 106 grid cells) would
encounter memory constraints on standard hardware. For such large-scale applications,
we recommend domain decomposition strategies or specialized high-memory GPU in-
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frastructure. Our performance testing indicates that the current implementation exhibits
approximately linear scaling concerning the number of grid cells up to 106 cells, beyond
which memory transfer operations emerge as the primary computational bottleneck. Fu-
ture work could explore distributed computing approaches to address these limitations for
basin-scale applications.

4.5. Application to Risk Assessment

The practical utility of our framework is demonstrated through its application to risk
assessment for carbon storage projects. Figure 10 shows how the framework can be used to
generate probabilistic risk maps that identify regions with a high likelihood of CO2 leakage
or pressure buildup exceeding critical thresholds.
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Figure 10. Probabilistic risk assessment using the dimension-adaptive UQ framework. (A) Probability
of CO2 saturation exceeding 0.1 at 50 years post-injection. (B) Probability of pressure buildup
exceeding 1 MPa at 50 years post-injection.

The framework enables the rapid evaluation of different injection scenarios and pa-
rameter combinations to identify optimal strategies that minimize risk while maximizing
storage capacity. Figure 11 illustrates a multi-objective optimization analysis that explores
the trade-off between storage capacity and leakage risk for different injection configurations.
Panel A displays the capacity-risk frontier where higher storage potential (up to 110 Mt)
corresponds with increased leakage probability (up to 0.10). Panel B quantifies storage
capacity uncertainties across configurations with error bars showing confidence intervals.
Panel C visualizes leakage risk uncertainties, showing that lower-risk strategies often have
narrower uncertainty bounds.

The framework’s ability to quantify uncertainty across dimensional scales provides
valuable insights for decision-making. For example, Figure 12 shows how the framework
can be used to assess the reliability of 2D models for different scenarios by quantifying the
dimensional uncertainty gap.
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Figure 11. Multi-objective optimization of injection strategy using the UQ framework.
(A) Trade-off between storage capacity and leakage risk for different injection configurations.
(B) Uncertainty in storage capacity for selected configurations. (C) Uncertainty in leakage risk
for selected configurations.
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Figure 12. Assessment of 2D model reliability using the dimensional uncertainty gap. (A) Scenarios
where 2D models provide reliable approximations (small dimensional uncertainty gap). (B) Scenarios
where 3D models are essential (large dimensional uncertainty gap) .

4.6. Generalizability to Different Geological Settings

To assess the generalizability of our framework, we tested it on three challenging
geological scenarios not included in the training data, that is, a depleted gas reservoir with
residual gas saturation, a fractured carbonate formation with discrete fracture networks,
and a tilted formation with a complex structural dip. Figure 13 shows the prediction
accuracy and uncertainty quantification performance for these scenarios.

The framework performs well on the depleted gas reservoir and tilted formation
scenarios, with prediction errors within 10% of those for the training scenarios. For the
fractured carbonate formation, the errors are higher (approximately 15-20% higher RMSE),
particularly in regions with discrete fractures. This performance degradation highlights
an important limitation of our approach. As with all data-driven methods, performance is
significantly influenced by the representativeness of the training data. The discrete fracture
networks present in carbonate formations create highly localized, anisotropic flow paths
that differ substantially from the continuum approach used in our base models and training
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data. To address this limitation, we conducted additional cross-validation experiments
across diverse geological settings. Figure 14A demonstrates how performance varies
with geological complexity, showing a clear correlation between RMSE and the degree
of deviation from training scenarios. We implemented several techniques to improve
generalization to novel scenarios, including (i) regularization through feature dropout and
L2 penalties, which improved performance on out-of-distribution scenarios by 5–8%, (ii)
data augmentation with synthetically generated extreme cases, reducing RMSE by 7–10%
for fractured systems, and (iii) ensemble methods combining multiple model instances
trained on different subsets of the data, which provided more robust predictions for
novel scenarios.
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Figure 13. Generalizability to different geological settings. (A) Prediction accuracy for the depleted
gas reservoir. (B) Prediction accuracy for fractured carbonate formation. (C) Prediction accuracy for
tilted formation

Despite these improvements, the fractured carbonate scenario remains challenging.
However, a key advantage of our approach is that the uncertainty estimates correctly
identify regions of reduced prediction accuracy (Figure 14B). The uncertainty calibration
remains reasonable across all three scenarios, with PICP values of 91.5%, 87.3%, and
92.8% for the depleted gas reservoir, fractured carbonate, and tilted formation, respec-
tively. This demonstrates that while absolute accuracy may decrease for geological settings
substantially different from the training data, the framework appropriately quantifies
this increased uncertainty, providing valuable information about prediction reliability.
This analysis shows both the strengths and limitations of machine learning approaches
for subsurface modeling. While they can efficiently emulate complex physical processes
within the bounds of their training data, performance will naturally degrade for substan-
tially different scenarios. The explicit uncertainty quantification provided by our Bayesian
approach helps mitigate this limitation by flagging predictions that may be less reliable,
guiding users toward areas where additional physics-based modeling or characterization
may be warranted.
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Figure 14. Generalizability assessment across geological scenarios. Panel (A) shows model per-
formance (RMSE) as a function of geological complexity, demonstrating how prediction accuracy
decreases for scenarios that deviate from the training distribution. The fractured carbonate scenario
exhibits the highest error (15–20% higher RMSE), while regularization, data augmentation, and en-
semble methods provide measurable improvements for out-of-distribution cases. Panel (B) displays
uncertainty calibration curves comparing nominal vs. empirical coverage of prediction intervals
across different geological scenarios. While prediction accuracy decreases for novel scenarios, un-
certainty estimates remain well-calibrated, with PICP values of 95.0%, 91.5%, 92.8%, and 87.3% for
regular saline aquifer, depleted gas reservoir, tilted formation, and fractured carbonate scenarios,
respectively. This demonstrates that despite reduced absolute accuracy for challenging geological
settings, the framework appropriately quantifies increased uncertainty, providing valuable reliability
information for decision-making purposes.

5. Discussion
5.1. Implications for Carbon Storage Modeling

Our dimension-adaptive machine learning framework addresses a fundamental chal-
lenge in carbon storage modeling: the trade-off between computational efficiency and
physical representativeness across dimensional scales. By enabling efficient knowledge
transfer between 2D and 3D models, the framework allows practitioners to leverage the
complementary strengths of both representations. The 2D models provide computational
efficiency for rapid screening and uncertainty analysis, while the 3D models capture the
full spatial complexity necessary for detailed assessment of specific sites.

The framework’s ability to quantify uncertainty across dimensional scales is particu-
larly valuable for risk assessment. Traditional approaches often rely on either deterministic
3D models, which lack uncertainty information, or stochastic 2D models, which may miss
critical 3D effects. Our framework bridges this gap by providing comprehensive uncertainty
quantification for both 2D and 3D predictions, enabling more robust decision-making.

The identification of parameter interdependencies that manifest differently across di-
mensional scales has important implications for model selection and parameter estimation.
For example, our finding that vertical permeability anisotropy and capillary entry pressure
exhibit strong interdependency in 3D but appear largely independent in 2D suggests that
these parameters should be carefully considered when upscaling from 2D to 3D or when
using 2D models as proxies for 3D behavior. This insight can guide the development of
improved upscaling techniques that account for these dimensional effects.
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5.2. Advantages and Limitations of the Machine Learning Approach

The primary advantage of our machine learning approach is its computational effi-
ciency, which enables rapid assessment of multiple scenarios and comprehensive uncer-
tainty quantification that would be infeasible with traditional physics-based simulations.
The framework’s ability to generate predictions in seconds rather than hours or days opens
new possibilities for real-time decision support and interactive exploration of parame-
ter spaces. Another advantage is the framework’s ability to learn complex patterns and
relationships from data without requiring an explicit mathematical formulation of all phys-
ical processes. This data-driven approach can potentially capture effects that simplified
physical models may miss, particularly when trained on high-fidelity simulation data that
incorporates complex physics.

However, the machine learning approach also has significant limitations that must
be carefully considered. First and foremost, it is fundamentally dependent on the quality,
diversity, and representativeness of the training data. As demonstrated in Section 4.5,
while our framework shows good generalizability to scenarios that share similar charac-
teristics with the training data (depleted gas reservoir, tilted formation), its performance
degrades substantially (15–20% increased RMSE) for scenarios that introduce physics not
well-represented in the training data, such as the discrete fracture networks in carbonate
formations. This training data dependency represents an inherent limitation of all data-
driven approaches. The model can only learn patterns present in its training data and will
struggle to extrapolate to substantially different physical regimes. We have implemented
several techniques to mitigate this limitation, including regularization strategies to prevent
overfitting, diverse sampling of parameter space, physics-informed constraints, and uncer-
tainty quantification that flags predictions in regions far from training data. Despite these
mitigations, users should exercise caution when applying the framework to geological
settings that differ significantly from those represented in the training data.

A significant limitation of our current implementation is its focus on two-phase flow
(CO2 and brine) without incorporating critical long-term processes such as geochemi-
cal reactions and geomechanical effects. These processes play crucial roles in storage
security assessment by potentially altering formation properties through mineral disso-
lution/precipitation, inducing stress changes that affect permeability, and influencing
caprock integrity. Our preliminary investigations with coupled processes (Section 4.5)
indicate that the framework performs adequately for scenarios with moderate coupling
strengths, with performance degradation remaining below 20% for cases incorporating
pressure-dependent permeability and simple reactive transport. However, strongly cou-
pled phenomena featuring nonlinear feedback or instabilities—such as dissolution-driven
convection or progressive fracture dilation—introduce physics outside our training data
scope and would require explicit representation. To address this limitation, our architecture
was deliberately designed with extensibility in mind, using a modular approach that can
incorporate additional physics through specialized encoder-decoder branches. Future work
will focus on expanding the framework’s capabilities through transfer learning from spe-
cialized simulators that capture these complex coupled processes, with particular emphasis
on mineral-brine-CO2 interactions and stress-dependent flow behavior.

While our framework provides uncertainty estimates that account for both aleatoric
and epistemic uncertainty, these estimates are still approximations based on the available
data and model assumptions. The framework cannot account for “unknown unknowns”
or processes not represented in the training simulations. This limitation is fundamental
to all modeling approaches and is not unique to machine learning. It is important to
emphasize that our framework represents a complementary tool rather than a replacement
for physics-based models or monitoring data. The uncertainty decomposition explicitly
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quantifies epistemic uncertainty, flagging regions where model knowledge is limited and
additional data or alternative modeling approaches may be warranted. This approach
provides valuable information about model reliability that deterministic approaches lack,
enabling users to make more informed decisions about when additional investigation is
warranted. For critical applications, we recommend using our framework in conjunction
with traditional modeling approaches and field data, leveraging the strengths of each
method to provide a more comprehensive assessment.

For practical implementation, we suggest a staged approach, as follows: (1) use
our framework for rapid screening and uncertainty assessment across a wide parameter
space; (2) identify high-risk or high-uncertainty scenarios that warrant more detailed
investigation; (3) employ traditional physics-based models for these critical scenarios,
potentially informed by the parameter sensitivities identified by our framework; and
(4) integrate monitoring data as it becomes available to further constrain predictions and
reduce uncertainty. This complementary approach leverages the computational efficiency
of our machine learning framework while acknowledging its limitations, providing a
practical pathway for comprehensive risk assessment in carbon storage projects.

5.3. Computational Considerations and Scalability

The computational efficiency of our framework makes it practical for a wide range of
applications, from rapid screening of potential storage sites to detailed risk assessment of
specific projects. The modest memory requirements (525 MB total) allow the framework to
run on standard computing hardware, including laptops and desktop computers, without
requiring specialized high-performance computing resources.

For the domain sizes considered in this study (up to 100 × 100 × 20 grid cells), the
framework’s performance scales well with increasing resolution. However, for significantly
larger domains, such as basin-scale models with millions of grid cells, memory limitations
could become a constraint. In such cases, domain decomposition approaches or model
reduction techniques could be employed to maintain computational efficiency.

The framework’s training process is more computationally intensive than inference,
requiring approximately 24 h on a single GPU for the full training pipeline. However, this
is a one-time cost, and the trained model can then be used for thousands of predictions
without additional training. The framework also supports incremental training, allowing
new simulation data to be incorporated as it becomes available without retraining from
scratch.

For extremely large-scale applications or real-time monitoring systems, further opti-
mization could be achieved through techniques such as model quantization, which reduces
the precision of model weights to decrease memory requirements and computation time, or
model distillation, which trains a smaller, faster model to mimic the behavior of the larger,
more accurate model.

5.4. Implementation Challenges and Regulatory Considerations

Implementing machine learning models in the context of carbon storage projects
presents several challenges, particularly regarding regulatory acceptance and integration
with existing workflows. Regulatory frameworks for carbon storage, such as the U.S. EPA’s
Class VI well program for geologic sequestration [84] and the European Union’s CCS Di-
rective (2009/31/EC) [85], typically require physics-based models for site characterization
and risk assessment. However, these frameworks generally focus on the outcomes of the
modeling rather than the specific methods used, providing an opportunity for machine
learning approaches to complement traditional models.
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Our framework aligns well with regulatory requirements by providing quantitative
uncertainty estimates that can inform risk-based decision-making. The framework’s ability
to rapidly evaluate multiple scenarios can support the development of comprehensive
monitoring, reporting, and verification (MRV) plans, which are required under most
regulatory frameworks. Additionally, the framework can help identify critical monitoring
locations based on uncertainty patterns, optimizing monitoring resources while ensuring
regulatory compliance.

To facilitate regulatory acceptance, we recommend a progressive implementation
approach. First, use the framework alongside traditional physics-based models, with the
machine learning predictions serving as a rapid screening tool to identify scenarios that
warrant more detailed physics-based analysis. Second, develop site-specific versions of
the framework trained on simulations that incorporate detailed site characterization data,
providing more accurate predictions for the specific geological setting. Third, integrate the
framework with monitoring data through techniques such as Kalman filtering or Bayesian
updating, allowing real-time assimilation of measurements to improve prediction accuracy
and reduce uncertainty. This approach allows stakeholders to build confidence in the
machine learning predictions while maintaining compliance with regulatory requirements.
As more carbon storage projects are implemented and more monitoring data becomes
available, the framework can be continuously improved and validated, potentially leading
to broader acceptance of machine learning approaches in regulatory contexts.

5.5. Real-World Field Data Integration and Preprocessing

While our framework has been developed and validated using synthetic datasets
generated via numerical simulations, its practical application will require integration with
real-world field data. This integration presents additional challenges related to data quality,
completeness, and scale disparities that must be addressed for successful deployment.
Real-world field data for CCS projects typically includes a combination of well logs, seismic
surveys, core analyses, and monitoring data from various sensors. These data sources have
different spatial resolutions, coverage, and uncertainty characteristics. To effectively use
such data with our framework, several preprocessing strategies can be employed: data
harmonization (converting field measurements to consistent units and spatial/temporal
resolutions), uncertainty characterization (treating field data as distributions to propa-
gate measurement uncertainty), data assimilation (updating predictions with monitoring
data using ensemble Kalman or particle filtering), and transfer learning for site-specific
adaptation (fine-tuning the pre-trained framework with limited site-specific data).

For handling noise in field data, robust preprocessing techniques such as median
filtering, wavelet denoising, or Gaussian process regression can be applied to smooth mea-
surements while preserving important features. Missing data, a common challenge in field
datasets, can be addressed through geostatistical methods such as kriging or multiple-point
statistics, which generate plausible values for unsampled locations based on spatial corre-
lation patterns. The framework’s uncertainty quantification capabilities are particularly
valuable when working with field data, as they can account for both the uncertainty in the
measurements and the uncertainty in the model predictions. By combining these sources
of uncertainty, the framework provides a more comprehensive assessment of prediction
reliability than would be possible with deterministic approaches.

5.6. Dimensional Uncertainty Gap and Monitoring Implications

The identification of a “dimensional uncertainty gap” for certain parameters has
important implications for monitoring design and risk assessment in carbon storage
projects. Parameters with large dimensional uncertainty gaps, such as vertical perme-
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ability anisotropy and capillary entry pressure, require special attention in monitoring
programs, as their effects may not be fully captured by simplified 2D models or by consid-
ering parameters independently.

For example, our finding that the interdependency between vertical permeability
anisotropy and capillary entry pressure significantly affects vertical migration in 3D models
suggests that monitoring programs should include vertical observation wells or cross-well
monitoring to track the vertical extent of the CO2 plume. The uncertainty patterns identified
by our framework can guide the optimal placement of these monitoring points, focusing
resources on regions where prediction uncertainty is highest.

The dimensional uncertainty gap also has implications for risk assessment method-
ologies. Traditional approaches often rely on sensitivity analysis of individual parameters,
which may miss important interdependencies that only manifest in higher-dimensional
representations. Our framework provides a more comprehensive assessment by capturing
these interdependencies and quantifying their impact on key risk metrics such as plume
extent, pressure buildup, and potential leakage pathways.

For regulatory compliance, the dimensional uncertainty gap highlights the importance
of using appropriate model dimensionality for different aspects of the project. While
2D models may be sufficient for initial screening and some aspects of site characterization,
3D models are essential for detailed risk assessment, particularly for parameters with large
dimensional uncertainty gaps. Our framework facilitates this multi-dimensional approach
by providing efficient knowledge transfer between 2D and 3D representations, allowing
practitioners to leverage the appropriate level of complexity for each task.

6. Conclusions
This study presents a novel machine learning framework for uncertainty quantification

across dimensional scales in carbon storage modeling. By combining a dimension-adaptive
neural network architecture, Bayesian uncertainty quantification, and cross-dimensional
transfer learning, our approach enables efficient and accurate predictions for both 2D and
3D carbon storage models. The key findings and contributions of this work are multifaceted
and interconnected. First, our dimension-adaptive neural network architecture achieves
superior prediction accuracy compared to dimension-specific models, with substantial
RMSE improvements of 11.4% for 2D models (0.031 vs. 0.035) and 27.6% for 3D models
(0.042 vs. 0.058) for CO2 saturation predictions. Pressure prediction accuracy is similarly
enhanced by 11.8% for 2D and 29.0% for 3D models, demonstrating the framework’s con-
sistent performance across different physical variables. Building on these architectural
advances, our Bayesian uncertainty quantification approach effectively distinguishes be-
tween aleatoric and epistemic uncertainty. This distinction proves valuable, as evidenced
by achieving a prediction interval coverage probability (PICP) of 93.8% for 2D models
and 92.1% for 3D models with 95% nominal coverage. Notably, these results outperform
alternative approaches, including Monte Carlo dropout (89.5% and 86.2%) and deep ensem-
bles (92.3% and 90.5%), highlighting the effectiveness of our uncertainty decomposition
strategy. Through this uncertainty analysis, the framework identifies critical parameter in-
terdependencies, particularly between vertical permeability anisotropy and capillary entry
pressure. These parameters contribute 14% and 19%, respectively, to prediction uncertainty
in 3D models but show significantly lower importance in 2D representations, revealing
the dimensional dependence of parameter sensitivity that traditional approaches might
overlook. The practical utility of our framework is further emphasized by its dramatic
computational efficiency, with speedup factors of approximately 8 × 104 for 2D uncertainty
quantification and 2.4 × 105 for 3D uncertainty quantification compared to traditional
Monte Carlo simulations. Specifically, a single 3D prediction requires only 1.5 s compared
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to 8 h for a full physics-based simulation, making comprehensive uncertainty analysis
feasible for time-sensitive decision-making processes. Furthermore, our cross-dimensional
transfer learning approach reduces the required 3D training data by 75% to achieve the
same accuracy threshold. With only 200 3D training examples needed when leveraging
2D data compared to 800 examples without transfer learning, this approach substantially
reduces the computational burden of generating high-fidelity training data for complex
3D models. The framework also demonstrates good generalizability to different geolog-
ical settings, with prediction errors remaining within 10% of training scenarios for the
depleted gas reservoirs and tilted formations. However, performance degrades by 15-20%
for fractured carbonate formations with discrete fracture networks, indicating areas for
future refinement of the approach. Ultimately, the framework’s ability to rapidly quantify
uncertainty across dimensional scales provides valuable support for decision-making in
carbon storage projects, from site selection and capacity estimation to risk assessment and
monitoring design. The identification of the dimensional uncertainty gap highlights the
importance of considering dimensional effects in parameter estimation and model selection,
particularly for parameters that exhibit strong interdependencies in higher-dimensional
representations.

Future work could extend the framework in several directions, including incorporat-
ing additional physical processes such as geochemical reactions and geomechanical effects,
which are important for long-term storage security; integrating real-time monitoring data
through data assimilation techniques to enable continuous updating of predictions and
uncertainty estimates as new information becomes available; and adapting the approach to
other subsurface applications beyond carbon storage, such as geothermal energy, ground-
water management, and hydrocarbon production, where similar challenges of dimensional
scaling and uncertainty quantification exist.
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Abbreviations

BNN Bayesian Neural Network
CCS Carbon Capture and Storage
CNN Convolutional Neural Network
DA-BNN Dimension-Adaptive Bayesian Neural Network
DoE Design of Experiments
GPU Graphics Processing Unit
IPCC Intergovernmental Panel on Climate Change
LHS Latin Hypercube Sampling
MC Monte Carlo
ML Machine Learning
MPIW Mean Prediction Interval Width
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PCE Polynomial Chaos Expansion
PICP Prediction Interval Coverage Probability
PVT Pressure-Volume-Temperature
RMSE Root Mean Square Error
SI Système International (International System of Units)
SSIM Structural Similarity Index Measure
TL Transfer Learning
TPU Tensor Processing Unit
UQ Uncertainty Quantification
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