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To every action there is always opposed an equal reaction.
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SUMMARY

The secure and efficient storage of carbon dioxide (CO2) in deep saline aquifers is
widely recognized as a critical component in the global strategy for mitigating an-
thropogenic climate change. Accurate and computationally efficient modeling of CO2

migration, phase behavior, and long-term trapping mechanisms in geologically hetero-
geneous formations remains an open and pressing challenge. This dissertation aims to
advance modeling techniques for multiphase multicomponent flow in porous media,
with a focus on two complementary directions: physics-constrained deep learning
and multiscale numerical solvers. Both approaches seek to provide computational
efficiency while delivering accurate results on a desired level, thereby enabling pre-
dictive simulations across a range of spatial and temporal scales.

Chapter 1 starts with the scientific context and motivation for geological CO2 stor-
age, and introduces the key challenges that exist along the way. Moreover, the contri-
butions from the scientific community in various aspects are highlighted, including
surrogate modeling and numerical simulation.

Chapter 2 covers the governing equations for compositional multiphase flow in
porous media, along with the associated thermodynamic formulations governing phase
behavior and equilibrium. The chapter further attempts to provide detailed expla-
nation of the primary CO2 trapping mechanisms, including structural, residual, dis-
solution, and mineral trapping. Following this, chapter 3 introduces the numerical
discretization strategies employed to solve the governing equations. It provides an
overview of the fine-scale simulation framework, comprising spatial and temporal dis-
cretization, coupling and linearization techniques, and the implementation of flash
calculations for phase equilibrium.

Leveraging these theoretical foundations, chapter 4 presents a multi-task learning
with consistency (MTLC) surrogate model. This deep learning architecture jointly
predicts the evolution of key state variables by exploiting shared representations and
enforcing task-level consistency, thereby capturing the mutual dependencies between
them. Chapter 5 builds upon this approach by presenting a physics-constrained neural
network (CO2PCNet), which incorporates the residuals of the governing partial differ-
ential equations into the training loss to enforce physical consistency. The model
features a spatiotemporal architecture that includes spatial encoders, ConvLSTM lay-
ers for temporal sequence modeling, and an auto-regressive structure to extrapolate
plume dynamics beyond the training window.

In the previous chapters, the focus is on surrogate modeling based on fine-scale
simulation frameworks. However, due to the large size of the real field-scale domains,
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XII SUMMARY

performing fully resolved simulations using fine-scale methods remains computation-
ally impractical. From this point onward, the focus shifts towards the multilevel multi-
scale methods. Chapter 6 introduces the Algebraic Dynamic Multilevel (ADM) method
as a compositional flow simulator. ADM constructs a hierarchy of computational grids
and employs algebraic prolongation and restriction operators to dynamically refine re-
gions exhibiting strong compositional gradients while coarsening smoother regions.
Localized multiscale basis functions enable accurate representation of fine-scale be-
havior on coarse levels, while constant basis functions are used for hyperbolic pa-
rameters. By addressing the trade-off between accuracy and efficiency, the methods
developed advance predictive modeling for geological CO2 storage. Building upon this
framework, chapter 7 extends the ADM approach to fractured aquifers by integrating
it with a projection-based Embedded Discrete Fracture Model (pEDFM). This com-
bination enables the explicit representation of fractures and allows for independent
grid adaptation in the fracture and matrix domains. The method is used to investi-
gate the impact of flow barriers and highly conductive fractures on plume evolution
and trapping efficiency. Numerical results demonstrate that accurate predictions can
be achieved using only a fraction of the fine-scale resolution, significantly reducing
the size of the resulting linear systems. For large-scale simulations, this combined
pEDFM-ADM framework offers scalability and computational savings while maintain-
ing physical fidelity.

This dissertation is concluded in chapter 8 and references used in this work follow
afterwards.

In summary, this thesis contributes to the understanding of CO2 storage in deep
saline aquifers by developing and evaluating a range of modeling strategies. The sub-
sequent chapters examine specific aspects of this research in detail, offering in-depth
analyses and insights that advance the state of knowledge in CO2 sequestration mod-
eling.
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Dear reader,
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about to read is the result of a four-year research journey I carried out at TU Delft.
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It was during the final year of my master’s studies in China that I made the decision
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storage.

Because of the pandemic, courses and meetings were still held online, and much
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makes the wait worthwhile. That joy is, I believe, one of the most powerful reasons
to love scientific research.

Later on, under Hadi’s mentorship, I began exploring multiscale numerical methods.
It was then that I truly discovered the beauty of numerical simulation. With each
iteration, each corrected error, and each tested idea, I felt abstract concepts take
shape, and invisible systems become concrete. His constant support and trust gave
me the confidence to go deeper, not just in solving problems, but in thinking more
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Mengjie Zhao
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1
INTRODUCTION

Well begun is half done.

Aristotle
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2 1. INTRODUCTION

1.1. OVERVIEW OF CO2 GEOLOGICAL STORAGE

Carbon Capture and Storage (CCS) is an increasingly critical component of climate
change mitigation strategies [1–5]. This technology involves capturing carbon diox-
ide (CO2) from significant industrial and energy-related sources, compressing and
subsequently injecting it into suitable geological formations deep underground. This
approach aims to substantially decrease atmospheric greenhouse gas concentrations,
thus contributing to global climate stabilization. Figure 1.1 presents a comprehensive
view of the rise in CO2 emissions due to fossil fuels and industry, alongside their im-
pacts on atmospheric concentrations. The relevance and urgency of advancing CCS
technologies have been magnified by the steady increase in atmospheric CO2 levels,
which have risen by approximately 50% since the start of the Industrial Revolution.
According to the latest data from THE National Oceanic and Atmospheric Adminis-
tration (NOAA, 2025) [6], CO2 levels at the Mauna Loa Observatory in Hawaii have
reached 427 parts per million (ppm), a dramatic rise from the pre-industrial aver-
age of 280 ppm. This substantial increase highlights the urgency of exploring and
implementing CO2 storage solutions on a broad scale.
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Figure 1.1: Left: Annual CO2 emissions by world region [7], source: Global Carbon
Budget (2024); Right: Atmospheric CO2 concentration in Hawaii from 1958
to 2024 [6], source: NOAA measurements at the Mauna Loa Observatory.

Geological storage of CO2 leverages the inherent capacity of subsurface formations
to contain fluids over geological timescales, as demonstrated historically by natural
reservoirs of hydrocarbons and saline water. Various candidate formations for CO2

sequestration include depleted oil and gas reservoirs, unmineable coal seams, basalt
formations, and particularly deep saline aquifers, owing to their substantial storage
capacities and widespread distribution [8]. Deep saline aquifers, typically situated at
depths exceeding one kilometer, possess sufficient porosity and permeability to ac-
commodate and retain injected supercritical CO2 [9–12]. Under appropriate geological
conditions, the injected CO2 is expected to remain securely confined for centuries to
millennia [13]. This long-term stability makes geological storage a reliable technol-
ogy for climate mitigation strategies, offering a durable and large-scale solution for
achieving carbon neutrality.
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In transitioning toward renewable and sustainable energy systems, CCS stands out
as a vital technology in geo-engineering applications. Not only does it address the
immediate challenge of reducing the quantity of CO2 entering the atmosphere, but it
also provides a pathway to achieve long-term environmental sustainability goals.

1.2. THE ROLE OF COMPUTATION MODELS

Computational models are fundamental in understanding and managing the CO2 stor-
age in deep saline aquifers, serving as primary tools in CCS strategies. By offering a
robust quantitative framework that simulates complex subsurface phenomena, these
models enable accurate prediction of the behavior of injected CO2 under diverse ge-
ological and operational conditions [14]. Reliable modeling of multiphase, multicom-
ponent flows under complex thermophysical conditions is critical for accurately es-
timating storage capacities, assessing environmental risks [15, 16], and optimizing
injection methodologies [17]. To date, high-fidelity numerical simulations of fully
physics-coupled flow represent the primary approach for monitoring and predicting
the evolution of injected CO2 plumes [18, 19].

Precise modeling of subsurface pressure distribution and plume migration dynamics
is crucial for operational effectiveness and long-term risk mitigation, ensuring secure
storage of CO2. Figure 1.2 schematically presents diverse trapping mechanisms, each
occurring across varying temporal scales and collectively contributing to the long-term
security of geological sequestration. Comprehensive models incorporating buoyancy-
driven flow, solubility-driven dissolution, molecular diffusion, capillary interactions,
and reservoir heterogeneity deliver essential insights into the complexities of subsur-
face CO2 dynamics [20].

High-resolution geological models, typically constructed using seismic surveys, well
log interpretations, and core analysis, facilitate discretized representations of reser-
voirs. Solutions to mass and momentum conservation equations, calibrated using
empirical field data, enhance the fidelity and predictive accuracy of these simulations
[21, 22].

The significance of computational models is not limited to CO2 sequestration. In a
broader geo-engineering context, from hydrocarbon production to groundwater man-
agement, computational modeling provides the necessary predictive power to analyze
interactions among subsurface fluids, rocks, and operational parameters.

1.3. CHALLENGES

Despite extensive progress and application, constructing and running computational
models for CO2 sequestration presents significant challenges. Subsurface environ-
ments are inherently complex, characterized by geological uncertainties such as vary-
ing porosity and permeability, the presence of faults and fractures, and unpredictable
fluid pathways [24]. These geological uncertainties significantly influence the behav-
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Figure 1.2: Trapping mechanisms governing the immobilization of injected CO2 in
geological formations [13, 23].

ior and migration patterns of CO2 plumes. Accurately resolving stratigraphic hetero-
geneity, particularly high-conductivity layers and natural flow barriers, necessitates
advanced modeling strategies that maintain computational efficiency without com-
promising accuracy.

Injected CO2, existing in a supercritical state due to the elevated pressures and
temperatures in deep saline aquifers, exhibits complex thermophysical properties.
The immiscibility and lower density of supercritical CO2 relative to resident brine
promote buoyancy-driven upward migration, presenting a substantial modeling chal-
lenge. Buoyancy-driven flow significantly influences the spatial and temporal evolu-
tion of the plume and can result in preferential flow pathways, plume fingering, and
channeling phenomena, each of which requires careful consideration in numerical
models [19].

Thermodynamic modeling of CO2 sequestration systems further complicates sim-
ulation process [25]. Accurate phase equilibrium modeling and multiphase flow be-
havior require precise equations of state and thermodynamic correlations to correctly
represent supercritical fluid properties, particularly under variable pressure and tem-
perature conditions. Errors in predicting thermophysical properties, such as viscosity,
density, and interfacial tensions, directly influence flow dynamics and trapping effi-
ciency, thereby compromising the reliability of long-term predictions.

Furthermore, realistic field-scale simulations demand high-resolution computational
grids that can capture detailed physical and geological heterogeneities, resulting in ex-
tremely large, sparse linear systems. Multiple concurrent trapping mechanisms further
add modeling complexities. Traditional numerical methods quickly reach computa-
tional limitations, motivating the development and implementation of sophisticated
multiscale, adaptive discretization, and surrogate modeling techniques [26]. These ad-
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vanced methodologies must carefully balance computational efficiency and accuracy,
as overly simplified models risk losing critical physical fidelity.

These complexities, coupled with the need for reliable long-term forecasting and
robust uncertainty quantification, often result in significant computational demands
[27, 28]. Extensive sensitivity analyses and iterative model calibration typically require
substantial computational resources, parallel computing frameworks, and advanced
modeling techniques to maintain feasible computational costs without sacrificing crit-
ical accuracy.

1.4. MODELING TECHNIQUES

To address the aforementioned challenges, two main modeling approaches have been
adopted for investigating and managing CO2 sequestration: surrogate modeling and
numerical simulation. Each approach is integral in advancing our understanding and
predictive capabilities of CO2 dynamics within subsurface geological environments.

1.4.1. SURROGATE MODELING

Recent advances in machine learning have significantly enhanced surrogate model-
ing techniques, providing computationally efficient alternatives to traditional physics-
based numerical simulations [29–31]. Given the computational complexity of CCS
projects, surrogate models are particularly advantageous for data assimilation and
uncertainty quantification, where repeated high-fidelity simulations are impractical
[28, 32–34].

Machine learning methodologies such as Gaussian Processes (GP) [35] and Radial
Basis Functions (RBF) [36, 37] have been extensively explored. Although certain meth-
ods have shown promise in specific contexts, such as the combination of an RBF
model with an appropriate sampling strategy reducing computational costs in coastal
aquifer management while maintaining accuracy [38], their overall performance is of-
ten constrained by the curse of dimensionality [39]. For instance, GP techniques typ-
ically work well with up to about 20 parameters [40], but integrating dimensionality-
reduction schemes can introduce information loss, potentially affecting model fidelity.

The complexity of problems in our work demands enhanced capabilities from surro-
gate models, making deep learning (DL) techniques a suitable choice. DL techniques
have demonstrated their potential in tackling high-dimensional regression problems
and are extensively applied in computer vision (CV) tasks such as object detection and
image segmentation with the rapid development of graphics processing units (GPUs)
[41, 42]. These DL models utilize statistical modeling to approximate the relationships
between inputs and outputs, capturing the underlying physical principles effectively
[43–45].

In the general context of fluid flow and transport in porous media, there has been
some promising research using deep neural networks (DNN) to predict mappings from
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the reservoir properties to the state variables [46, 47]. Figure 1.3 shows a DNN-based
surrogate modeling framework. These networks utilize high-fidelity simulation data
to construct statistical representations. Under appropriate configuration and training,
these surrogates have the potential to accurately approximate even the most complex
functions [48]. To be specific, convolutional neural networks (CNN) are powerful tools
for image processing, efficiently capturing spatial features while minimizing the num-
ber of free parameters through the shared-weight architecture of the convolutional
layers or filters [49, 50]. Zhu and Zabaras (2018) [51] first proposed a full CNN-based
approach to approximate the single-phase steady state flow in geological models char-
acterized by Gaussian permeability fields, and demonstrated that their neural network,
trained with a limited amount of data, was able to predict high-dimensional pressure
maps. Building on this, Mo et al. (2019) [52, 53] applied a similar framework to fore-
cast the dynamic response of multiphase flow in heterogeneous media. Meanwhile,
Tang et al. (2020) [54] developed a Recurrent residual U-Net for data assimilation
in dynamic subsurface flow problems, combining a residual U-Net with a recurrent
architecture Long Short-Term Memory (LSTM) to capture both spatial and temporal
information. Kadeethum et al. (2021) [55] employed a Generative Adversarial Net-
work (GAN)-based deep learning model to predict the behavior of steady-state flow
in heterogeneous porous media.
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Figure 1.3: Structure of a DNN-based surrogate modeling framework.

Advanced neural architectures have been tailored specifically for CO2 sequestration
challenges. Wen et al. (2021) [56, 57] enhanced the U-Net architecture to translate
permeability and injection parameters into CO2 saturation maps. Zhong et al. (2019)
[58] incorporated U-Net with a GAN to capture the temporal dependencies effectively.
Additionally, Yan et al. (2022) [59] utilized Fourier Neural Operators (FNO) to predict
the spatial and temporal evolution of CO2 plumes during injection and post-injection
periods, respectively. Chu et al. (2023) [60] explored deep learning-based surrogate
models in a physics-framed two-phase flow scenario, involving the displacement of
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water by CO2. They compared multiple algorithms, including Multi-layer Perceptrons
(MLPs), CNN, LSTM, and Gated Recurrent Unit (GRU) cells, concluding that MLPs
exhibited robust performance with most trainable parameters.

Despite the recent advances made with data-driven surrogate models for subsurface
CO2 storage, these models primarily derive insights from data, occasionally overlook-
ing the crucial physical laws governing the systems. This approach, while statistically
potent, can lead to predictions that, although accurate, may conflict with established
physical principles or intuitive expectations [61]. To mitigate this issue, the concept of
physics-informed neural networks (PINNs) has recently received significant attention
in the field of computational science [62]. PINNs are designed to solve nonlinear par-
tial differential equations (PDEs) by integrating PDEs, initial conditions, and boundary
conditions directly into the loss function of the neural network. This innovative ap-
proach allows PINNs to leverage initial condition data to solve PDEs, ensuring that the
outputs are not only based on data but also conform to fundamental physical laws.
By embedding differential equations directly into the learning process, PINNs provide
a powerful tool for modeling complex physical phenomena, particularly in scenarios
where traditional data might be limited or sparse. Recent research has demonstrated
the potential of combining PINNs with data-driven methods in various fields, from
fluid dynamics [63–65] to solid mechanics [66], thus demonstrating their ability to
tackle complex, multiscale, and multiphysics phenomena.

1.4.2. NUMERICAL SIMULATION

Numerical simulation remains the primary tool for modeling the CO2 migration and
trapping in deep saline aquifers, by discretizing the governing mass and energy con-
servation equations and then capturing the dynamics of multiphase, multicomponent
flow under buoyancy, dissolution, diffusion, and capillary forces [67, 68]. These high-
fidelity simulations provide detailed insights into reservoir performance over both
short- and long-term timescales.

Several classical numerical methods have been utilized in reservoir simulations,
each offering advantages and trade-offs depending on the complexity of the prob-
lem. The finite volume method (FVM) is widely adopted for multiphase flow and
reactive transport problems, owing to its local conservation properties and relatively
straightforward implementation [69]. The finite element method (FEM) has found
broad application in structural analyses and geomechanics [70], but has also been ex-
tended to solve coupled flow and deformation problems in reservoir engineering [71].
The lattice Boltzmann method (LBM) is gaining attention for microscale flow phe-
nomena, particularly in pore-scale modeling, where it can directly simulate fluid-rock
interactions in complex geometries [72, 73].

For field-scale CO2 storage problems, FVM-based simulations are frequently em-
ployed due to their efficiency and robust handling of geological heterogeneities [14,
74]. They often include fully implicit schemes to handle strong coupling among
phases and components, which is especially important for reactive-compositional
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flows [75, 76] and processes involving temperature-dependent behavior and capillar-
ity [77]. Such high-resolution grids accurately resolve fine-scale structures, but they
inevitably lead to large, sparse linear systems that can become computationally pro-
hibitive when modeling extensive, heterogeneous formations [20].

Multiscale methods have been introduced to overcome these challenges associated
with resolving large-scale heterogeneous reservoirs on fine grids. The multiscale finite
element (MsFE) method [19, 78, 79] and multiscale finite volume (MsFV) method [80–
84] reduce the dimension of the global problem by constructing coarse-scale pressure
systems, while incorporating local basis functions or operators to preserve critical
fine-scale information. These techniques significantly lower computational costs and
memory requirements, making them particularly appealing for large-scale CCS sce-
narios. Iterative procedures often combine coarse-grid solutions with fine-scale cor-
rections through algebraic restriction and prolongation operators, ensuring that key
flow features, such as sharp saturation fronts, are accurately captured without globally
refining the entire domain [85, 86].

Building on these multiscale principles, the Algebraic Dynamic Multilevel (ADM)
method was specifically developed to handle fully implicit systems on dynamically
updated multilevel grids [87, 88]. ADM addresses the multiscale multilevel coexis-
tence of the pressure (elliptic or parabolic) and transport (hyperbolic) unknowns by
adaptively refining or coarsening the mesh at each time step based on a front-tracking
criterion. Fine-grid resolution is focused where strong gradients occur, such as near
injection wells or boundaries of the CO2 plume. Regions with minimal flow variation
remain on a coarser mesh, reducing the number of active cells and thereby lowering
computational costs. Finite-volume restriction and prolongation operators are care-
fully designed to preserve local conservation across each level of refinement. Origi-
nally formulated for two-phase immiscible flow and black-oil reservoir models [89, 90],
ADM has shown promise in tackling heterogeneous formations typical of CO2 storage
sites. By efficiently managing computational resources, ADM enables large-scale, fully
implicit simulations at finer resolutions than traditional uniform-grid approaches can
feasibly accommodate.

Many of these numerical methods have been implemented in both commercial
and open-source simulators. Commercial platforms such as ECLIPSE (Schlumberger)
[91] and CMG-GEM (Computer Modelling Group) integrate advanced physics models
for CO2 storage, while open-source codes like MRST (MATLAB Reservoir Simulation
Toolbox) [92, 93], provide flexible environments for experimentation and research.
High-performance computing (HPC) resources further enhance scalability, allowing
large ensembles of field-scale simulations for history matching or uncertainty quan-
tification [94]. In parallel, advances in solver algorithms and domain-decomposition
techniques continue to improve the efficiency of handling large linear systems that
arise from implicit multiphase flow models [95].
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1.5. RESEARCH GOALS

Building on the challenges and prior research outlined in the previous sections, the
aim of this work is to contribute to the field of CO2 storage in deep saline aquifers.
This dissertation focuses on enhancing both the predictive capabilities and computa-
tional efficiency of CO2 sequestration models. The central objective is to enhance the
methodologies used to model and manage CO2 sequestration processes, with a par-
ticular focus on improving the efficiency and accuracy of these models under complex
geological conditions.

This objective is pursued through two complementary themes. The first is leveraging
state-of-the-art machine learning approaches, specifically multi-task deep learning
and a physics-constrained neural network to facilitate rapid and reliable predictions
of CO2 plume evolution. The second theme involves developing novel simulation
strategies, particularly those that utilize the ADM method, to efficiently capture flow
dynamics in large domains with complex geology.

• Develop a comprehensive theoretical framework for CO2-brine multiphase mul-
ticomponent flow, detailing the governing equations of flow dynamics, thermo-
dynamics, and trapping mechanisms;

• Develop and validate multi-task deep learning models that can predict CO2 mi-
gration with high accuracy while ensuring consistency across different compu-
tational tasks;

• Design and implement a physics-constraint neural network that integrates phys-
ical laws directly into the learning process, aiming to improve the reliability and
accuracy of predictions during the full cycle of CO2 migration;

• Develop the ADM method to handle fully implicit simulations and fully com-
positional modeling of CO2 fluid flow;

• Extend the ADM framework to incorporate fractures, enabling accurate model-
ing of CO2 storage in fractured media through the pEDFM-ADM method.

1.6. THESIS OUTLINE

The dissertation is organized into eight chapters, beginning with this introduction,
and is structured to progressively develop from foundational concepts to advanced
modeling and simulation techniques for CO2 sequestration. Chapter 2 introduces the
governing equations for multiphase flow, highlighting the influence of key parameters
such as composition and fluid properties, while also discussing fundamental trapping
mechanisms and the thermodynamic principles underlying CO2-brine interactions in
saline aquifers. Chapter 3 presents a high-fidelity framework for simulating CO2 mi-
gration at fine scales. This formulation addresses how advanced numerical schemes
can capture sharp fronts, heterogeneous formations, and local flow variations critical
to CO2 sequestration. A multi-task deep learning framework is introduced in Chap-
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ter 4 to efficiently approximate the temporal and spatial evolution of CO2 plumes. By
emphasizing consistent predictions of multiple physical variables, the method reduces
computational costs while preserving predictive accuracy across diverse reservoir sce-
narios. Chapter 5 advances this approach by incorporating physics-based constraints
directly into the neural network architecture. Through embedding the relevant partial
differential equations into the training process, the method aims to ensure physically
realistic predictions during both injection and post-injection periods. Chapter 6 in-
troduces the Algebraic Dynamic Multilevel (ADM) method as an effective strategy for
large-scale simulations on adaptive grids. This chapter details how ADM dynamically
refines or coarsens the computational domain in response to flow gradients, thereby
reducing computational overhead while preserving fidelity. Chapter 7 extends the
ADM approach to fractured media, where flow complexity is significantly heightened
by discrete fracture networks. A projection-based embedded approach is employed
to represent fractures, enabling accurate modeling of CO2 migration pathways and
trapping in heterogeneous reservoirs. Chapter 8 provides the conclusions and future
work. Finally, the references used in this dissertation are listed.



2
FUNDAMENTALS OF CO2-BRINE

MULTIPHASE FLOW

In this chapter, we first present the governing equations for multiphase multicom-
ponent flow specifically related to the CO2 and brine interactions in saline aquifers.
This is followed by a detailed introduction of thermodynamic equilibrium to model
the solubility and phase behavior of CO2 under subsurface conditions. Additionally,
the chapter explores various trapping mechanisms — structural, dissolution, residual,
and mineral. The primary focus of this chapter is on these fundamental equations and
their role in describing the relationships between primary variables and the behavior
of CO2 in subsurface environments.

2.1. MASS CONSERVATION EQUATIONS

The mass conservation equations describing flow and transport phenomena in CO2

storage systems are presented here in increasing complexity, starting from basic im-
miscible multiphase flow and concluding with multiphase multicomponent flow in
fractured porous media.

2.1.1. IMMISCIBLE MULTIPHASE FLOW

Mass conservation equations governing immiscible multiphase flow through porous
media, characterized by nph distinct fluid phases, are expressed as follows [96]

Ç

Çt

(
φραSα

)+∇· (ραuα
)−qα = 0, ∀α ∈ {1, . . . ,nph}, (2.1)

where t is the time, φ is the rock porosity, and ρα, Sα and qα are the mass density,
saturation and sink/source term of the phase α, respectively. The phase velocity uα
is defined by Darcy’s law

uα =−λα ·
(∇pα−ραg∇h

)
, (2.2)

11
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with the phase mobility defined as λα = K kr,α
µα

, where µα is the phase viscosity, K is
the rock permeability tensor, and kr,α is the phase relative permeability [97].

Phase pressures pα are interrelated by capillary pressure Pc , as follows:

pα−pβ = (1−δα,β)Pcαβ , ∀α,β ∈ {1, . . . ,nph}, (2.3)

where δα,β is the Kronecker delta, equal to 1 if α = β and 0 otherwise. Capillary
pressure is negative if α is the wetting phase and positive otherwise. Generally, Pcα,β

is a nonlinear function of the wetting-phase saturation. Mass balance in the system
is strictly ensured by the saturation constraint

nph∑
α=1

Sα = 1. (2.4)

2.1.2. MULTIPHASE MULTICOMPONENT FLOW IN POROUS MEDIA

In the context of CO2 sequestration in saline aquifers, the governing equation for
mass conservation, applicable to an isothermal system comprising nc components
distributed among nph phases, is formulated as [98, 99]

Ç

Çt

(
φ

nph∑
α=1

xc,αραSα

)
+∇·

nph∑
α=1

(
xc,αραuα+Sαραjc,α

)− nph∑
α=1

xc,αqα = 0, ∀c ∈ {1, . . . ,nc},

(2.5)
where subscripts α ∈ {w,n} denote the wetting (brine-rich) and non-wetting (CO2-
rich) phases, respectively. The index c identifies the components (CO2 and H2O).
xc,α is the mass fraction of component c in phase α and the diffusion flux jc,α is
governed by Fick’s law, which accounts for molecular diffusion driven by gradients of
the component mass fraction

jc,α =−φDc,α∇xc,α, (2.6)

where Dc,α is the mutual diffusion coefficient of component c in phase α. In addition,
the model assumes that the pore space is fully occupied by the phases, with CO2 and
H2O accounting for all component distributions. This is mathematically enforced by
the conditions that the sum of phase saturations and component mass fractions in
each phase equal to one ∑

α=w,n
Sα = 1, and

∑
c=CO2,H2O

xc,α = 1. (2.7)

2.1.3. MULTIPHASE MULTICOMPONENT FLOW IN FRACTURED POROUS

MEDIA

In geological formations, natural or induced fractures can either act as preferential
pathways for CO2 migration or serve as flow barriers that restrict fluid movement.
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The mass conservation equations for the CO2-brine system in porous media with
discrete embedded fractures are formulated as

Ç

Çt

(
φm

nph∑
α=1

xc,αραSα

)
+∇·

nph∑
α=1

(
xc,αραuα+Sαραjc,α

)− nph∑
α=1

xc,αqα−
nph∑
α=1

xc,αQm f
α = 0,

∀c ∈ {1, . . . ,nc}, (2.8)

for the rock matrix m and

Ç

Çt

(
φ f

nph∑
α=1

xc,αραSα

)
+∇·

nph∑
α=1

(
xc,αραuα+Sαραjc,α

)− nph∑
α=1

xc,αQ f m
α −

nph∑
α=1

xc,αQ f f
α = 0,

∀c ∈ {1, . . . ,nc}. (2.9)

for the lower-dimensional fracture f . Qm f
α and Q f m

α are the phase flux exchanges

between the rock matrix and the fractures, and Q f f
α represents the influx between the

fractures. Note that the mass conservation law enforces:
Ð

V Qm f
α dV =−Î

Ai
Q f m
α d A

and
Î

Ai
Q

fi f j
α d A =−Î

A j
Q

f j fi
α d A.

2.2. THERMODYNAMIC EQUILIBRIUM

In deep saline aquifers, injected CO2 interacts with resident brine, forming a multi-
phase system typically comprising an aqueous phase and a supercritical or gaseous
CO2-rich phase. Accurate modeling of this system requires a thermodynamic de-
scription of phase equilibrium that accounts for pressure, temperature, and salinity.
Thermodynamic equilibrium governs the partitioning of chemical species across coex-
isting phases and provides the foundation for compositional simulation and solubility
modeling.

2.2.1. PHASE PARTITIONING AND K -VALUE

For a binary CO2-H2O system, thermodynamic equilibrium is achieved when the fu-
gacity of each component is equal in the two phases [100]

fc,α
(
p, xc,α

)− fc,β
(
p, xc,β

)= 0, ∀α ̸=β ∈ {1, . . . ,nph}, c ∈ {CO2,H2O}, (2.10)

where fc,α is the fugacity of component c in phase α. This condition is often refor-
mulated in terms of equilibrium ratios, or K -values

Kc =
xc,g

xc,l
, (2.11)

where xc,g and xc,l are the mole fractions of component c in the vapor and aque-
ous phases, respectively. These K -values are functions of pressure, temperature, and
salinity, and provide the basis for equilibrium-based compositional modeling.
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2.2.2. EQUILIBRIUM CONSTANTS AND FUGACITY FORMULATION

Equilibrium constants κc relate the fugacity of a component in the gas phase to its
activity in the aqueous phase [101]

κH2O = fH2O,g

aH2O,l
, (2.12)

and

κCO2 =
fCO2,g

aCO2,l
, (2.13)

where fc,g is the fugacity of component c in the gas phase, and ac,l is the activity of
component c in the aqueous phase. Fugacity is expressed in terms of mole fraction,
fugacity coefficient and system pressure [102]

fc,g =ϕc xc,g p, (2.14)

where ϕc is the fugacity coefficient and p is the system pressure.

The equilibrium constants κH2O and κCO2 vary with temperature and pressure. The
pressure correction at a given temperature is approximated by

κ
(
T, p

)= κ0 (
T, p0)exp

(
(p −p0)V c

RT

)
, (2.15)

where V c is the average partial molar volume of component c over the pressure in-
terval p0 to p, and p0 is a reference pressure (typically 1 bar). R is the universal gas
constant and T is the temperature. The values of κ0

CO2
and κ0

H2O are computed using
SUPCRT92 [103] and Harvey et al. [104], respectively.

2.2.3. EQUATION OF STATE

The Redlich–Kwong equation of state (RK-EOS) is used to compute fugacity coeffi-
cients ϕc . It is given by [105]

p = RT

V −b
−

(
a

T 0.5V (V +b)

)
, (2.16)

where parameters a and b represent measures of intermolecular attraction and re-
pulsion, respectively. p corresponds to the total system pressure and V is the molar
volume. For a binary mixture, parameters a and b are calculated using standard mix-
ing rules [102]

amix = x2
H2O,g aH2O +2xH2O,g xCO2,g aH2O−CO2 +x2

CO2,g aCO2 , (2.17)

and
bmix = xH2O,g bH2O +xCO2,g bCO2 . (2.18)
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The fugacity coefficient of a component c, ϕc , is then calculated based on these
mixing rules and RK-EOS [102]

ln
(
ϕc

)= ln

(
V

V −bmix

)
+

(
bc

V −bmix

)
−


2

nc∑
i

xi ,g ai c

RT 1.5bmix

 ln

(
V +bmix

V

)

+
(

amixbc

RT 1.5b2
mix

)[
ln

(
V +bmix

V

)
−

(
bmix

V +bmix

)]
−

(
pV

RT

)
. (2.19)

These equations can be solved directly by setting

A =
κ0

H2O

ϕH2Op
exp

(
(p −p0)V H2O

RT

)
, (2.20)

and

B = ϕCO2 p

55.508κ0
CO2

exp

(
− (p −p0)V CO2

RT

)
, (2.21)

such that

xH2O,g = 1−B

1/A−B
, (2.22)

xCO2,l = B(1−xH2O,g ) . (2.23)

To account for salinity, the aqueous-phase activity is corrected using an activity
coefficient γCO2 [106]. The molality-based mole fraction is computed as

xCO2,l =
mCO2

mCO2 +55.508+2mNa
. (2.24)

where mCO2 is the molality corrected by γCO2 , and mNa is molality of Na+.

By substituting the computed values of xc,l and xc,g into the expressions for Kc ,
the equilibrium partitioning of CO2 and H2O can be determined across a wide range
of geological conditions. This framework provides thermodynamically consistent K -
values to be used in compositional simulation and data-driven modeling.

Figure 2.1 illustrates representative results derived from this thermodynamic model,
showing the mutual solubilities of CO2 and H2O as functions of pressure and temper-
ature. At elevated pressures, where CO2 exists in a dense phase, its solubility in water
remains relatively insensitive to further pressure increases. In contrast, under lower-
pressure conditions where CO2 is predominantly in a vapor state, the mass fraction
of H2O in the CO2-rich phase is significantly higher. As pressure increases within this
regime, CO2 transitions to a denser phase, leading to a marked decline in H2O solu-
bility. Additionally, increasing temperature enhances H2O volatility, resulting in higher
water content in the CO2-rich phase, while simultaneously reducing CO2 solubility in
the aqueous phase.
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Figure 2.1: Mutual solubilities of H2O and CO2 from 20 to 100◦C and up to a pressure
of 400 bar. Data based on the model of Spycher et al. (2003) [101].

2.3. TRAPPING MECHANISMS

Following injection of CO2 into deep saline aquifers, several trapping mechanisms op-
erate to immobilize and retain CO2 over different timescales. These mechanisms are
commonly categorized into four types: structural and stratigraphic trapping, resid-
ual trapping, dissolution trapping, and mineral trapping [107]. An overview of these
mechanisms and their associated fluid dynamics is illustrated in figure 2.2. Gener-
ally, structural, stratigraphic, and residual trapping dominate in the time scale close
to the injection period because of advective and capillary transport, while dissolu-
tion becomes increasingly important in the post-injection phase. Mineral trapping,
governed by slow geochemical reactions, occurs over centuries to millennia.

2.3.1. STRUCTURAL AND STRATIGRAPHIC TRAPPING

Structural and stratigraphic trapping involve the physical containment of CO2 beneath
impermeable geological seals or in specific reservoir geometries [109]. Structural trap-
ping, typically the earliest and most identifiable mechanism, is based on the buoyant
migration of injected CO2, driven by its lower density compared to resident brine.
This upward migration is arrested by overlying caprocks or structural highs. Effective
structural trapping requires low-permeability seals with high capillary entry pressure
to prevent further vertical migration [110].

Similarly, stratigraphic trapping occurs through lithological variations in the subsur-
face, such as pinch-outs, facies changes, or unconformities, which create sealed zones
capable of containing CO2. In both mechanisms, the non-wetting CO2 accumulates
beneath the seal, and its buoyancy is counteracted by the capillary entry pressure of
the seal, preventing further escape. This process is analogous to natural hydrocarbon
accumulation and provides the primary containment immediately after injection, ef-
fectively storing a large volume of mobile CO2 as a separate phase below the seal.
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Figure 2.2: Illustration of fluid dynamics and trapping mechanisms associated with
CO2 storage in saline aquifers, including structural trapping, residual trap-
ping, dissolution trapping, and mineral trapping [108]. Source: Adapted
from Emami-Meybodi, Hamid, et al., (2015).
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These forms of trapping are expected to retain CO2 for tens to hundreds of years, un-
til slower trapping mechanisms such as dissolution and mineralization progressively
secure the CO2 in immobile forms.

2.3.2. DISSOLUTION TRAPPING

Dissolution trapping, also referred to solubility trapping, occurs when free-phase CO2

dissolves into the resident brine, becoming part of the aqueous phase. Once dissolved,
the CO2 no longer exists as a separate buoyant plume, thereby eliminating the risk of
upward migration driven by buoyancy. Supercritical or gaseous CO2 in contact with
brine will partition into the liquid phase until thermodynamic equilibrium is reached.
In deep saline aquifers, CO2 has significant solubility on the order of tens of kilograms
per m3 of water, depending on pressure, temperature, and salinity.

The dissolution process typically begins at the interface between the CO2 plume
and the underlying brine. As CO2 spreads laterally beneath the caprock, the sur-
rounding brine immediately becomes saturated with dissolved CO2. Notably, brine
with dissolved CO2 is slightly denser than the unsaturated brine, as the presence of
dissolved CO2 increases fluid density by several percent, depending on salinity. This
density increase leads to gravitational instability, forming a denser layer of CO2-rich
brine beneath lighter, less-saturated brine. The result is a classic density-driven con-
vective mixing process: the CO2-saturated brine sinks downward and is replaced by
fresh undersaturated brine, which in turn absorbs more CO2, enhancing the overall
dissolution rate.

In essence, dissolution trapping evolves in two stages: an initial diffusion-dominated
phase, followed by a convective mixing phase once a critical density gradient is es-
tablished [77]. Ultimately, a substantial fraction of the injected CO2 can be dissolved
into the brine and transported deeper into the formation by these convective currents,
securing it as dissolved inorganic carbon.

The efficiency of convective dissolution is governed primarily by the Rayleigh num-
ber (Ra), which quantifies the ratio of buoyancy-driven to diffusive forces [108]. Under
typical saline aquifer conditions, Ra often exceeds 103, indicating strong convective
potential. A larger Ra value with higher permeability, thickness, or density contrast
leads to faster onset of convection and higher dissolution rate. Additionally, het-
erogeneity can modulate finger patterns. High-permeability pathways may channel
convection, while barriers can localize it.

Without convection, dissolution would rely solely on molecular diffusion, which is
exceedingly slow. Complete dissolution could take millions of years. However, once
convection begins, typically within years to decades after injection (depending on Ra),
the process accelerates dramatically. Convective fingers carrying dissolved CO2 can
descend through the aquifer and spread laterally, continually enlarging the region
of solubility trapping. Eventually, as CO2 becomes more uniformly distributed, the
concentration gradient that drives convection diminishes, leading to a gradual decline
in mixing, a stage often referred to as “shutdown”, when most of the free-phase CO2
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is gone.

2.3.3. RESIDUAL TRAPPING

Residual trapping, also known as capillary trapping, refers to the immobilization of
CO2 as disconnected ganglia or blobs in the pore space due to capillary forces, after
the plume comes into contact with brine. This mechanism typically occurs at the
trailing edge of a migrating CO2 plume or during water invasion into a CO2-saturated
rock [111]. During injection (drainage), CO2 displaces brine and forms a continuous
plume. Once injection stops, or as the plume migrates, brine, acting as the wetting
phase, spontaneously imbibes into the regions previously occupied by CO2, such as
along the plume fringes or in regions affected by chase brine injection.

As brine reoccupies the pore space, capillary pressures cause the non-wetting CO2

to break into isolated droplets or clusters that become trapped in pore throats. Under-
lying pore-scale phenomena include snap-off, where brine reconnects through narrow
throats and isolates CO2, and mobilization or stranding during interface movement,
preventing reconnection. The result is that a certain residual saturation of CO2 is left
behind, effectively locked in place by capillary pressure barriers. This trapped CO2

is no longer mobile, as the individual ganglia are below the critical size to form a
percolating pathway. Residual trapping effectively transforms a portion of the free-
phase CO2 into an immobile phase, analogous to irreducible gas saturation. Notably,
this process is irreversible on short timescales unless substantial changes in pressure,
saturation, or dissolution occur to reconnect the trapped clusters.

Residual trapping typically acts shortly after injection and can immobilize a signif-
icant fraction of the CO2 plume, especially near its trailing edge. Studies have shown
that this mechanism can trap between 10 and 30%, or more, of the injected CO2,
depending on rock properties and saturation history [111, 112]. This makes resid-
ual trapping one of the most important mechanisms for short- to intermediate-term
storage security in saline aquifers. Compared to dissolution and mineral trapping,
residual trapping is immediately more effective because it does not require chemical
transformation but instead arises from multiphase flow hysteresis [113].

The presence of a large volume of residually trapped CO2 significantly reduces the
mobility of the remaining free CO2. As mobile CO2 is smaller and must bypass trapped
pockets, the risk of leakage is reduced. Even under a sustained pressure gradient, the
trapped CO2 remains immobile as long as saturation remains below the remobiliza-
tion threshold. Over longer timescales, dissolution may gradually shrink the ganglia,
and significant pressure depletion may also induce remobilization, although both pro-
cesses are typically slow.

2.3.4. MINERAL TRAPPING

Mineral trapping is a geochemical mechanism in which dissolved CO2 reacts with
formation minerals to form solid carbonate compounds, permanently locking CO2 in a
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stable solid form. This process is essentially the culmination of a series of geochemical
interactions.

Initially, CO2 dissolves in brine to form carbonic acid (H2CO3), which subsequently
dissociates into bicarbonate (HCO−

3 ) and carbonate (CO2−
3 ) ions. These reactive species

then interact with divalent cations, either already present in the brine or leached from
mineral surfaces, leading to precipitation of solid carbonates such as calcite. As a re-
sult, CO2, originally present as a free gas or dissolved phase, is ultimately converted
into mineral matter. Once precipitated, the CO2 becomes part of the solid crystal
structure and remains immobile unless subjected to dissolution under significantly
different geochemical conditions.

Among the various trapping mechanisms, mineral trapping is generally the slowest.
It typically becomes significant over timescales of centuries to millennia. In the early
decades following CO2 injection, its contribution is often limited due to slow reac-
tion kinetics and the dominance of faster processes such as dissolution and residual
trapping. Over longer periods, as dissolved CO2 remains in prolonged contact with
reactive minerals, gradual mineralization progressively converts a portion of the CO2

into solid form.

It is also important to note that many deep saline aquifers are hosted in siliciclas-
tic rocks, such as sandstones, which are predominantly composed of quartz. Quartz
is relatively inert and contributes minimally to the mineral trapping process [114].
As a result, the potential for significant mineralization is limited in such formations.
Therefore, the following discussion focuses primarily on the first three trapping mech-
anisms, which are more relevant over practical timescales for geological CO2 storage.
These mechanisms are collectively referred to as hydrodynamic trapping [115].
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NUMERICAL SIMULATION STRATEGY

To simulate CO2 sequestration processes in deep saline aquifers with physical and
thermodynamic fidelity, it is necessary to translate the governing equations and equi-
librium relations introduced in Chapter 2 into a numerical framework that can be
applied to realistic geological domains. This chapter develops a framework by outlin-
ing the fine-scale compositional formulation, phase equilibrium models, and nonlin-
ear solution strategies required to resolve multiphase, multicomponent flow in both
porous and fractured media.

A key component of the modeling strategy is the overall-composition formulation,
which uses phase pressure and component-wise overall mole fractions as primary
unknowns. This formulation provides a consistent and robust way to represent mass
conservation under varying phase conditions, eliminating the need to switch between
variable sets during phase appearance or disappearance. The continuous equations
are discretized using a finite volume method based on two-point flux approximation
(TPFA) for spatial terms and backward Euler time integration. These schemes preserve
local mass conservation and offer stable performance for complex transport behav-
ior. The framework is further extended to fractured porous media, where discrete
representations of fracture-matrix interactions and fracture-fracture intersections are
introduced using transmissibility-based coupling strategies.

Phase equilibrium calculations are tightly integrated into the flow model. Two fluid
models are considered for thermodynamic partitioning: a black-oil formulation and a
fully compositional approach. Both models employ equilibrium K -values to compute
phase compositions and saturations, but differ in the complexity of their assumptions.
The black-oil model simplifies the problem by restricting such that only the lighter
component can exist in both hydrocarbon phases. In contrast, the fully compositional
model accounts for mutual solubilities of CO2 and H2O, with equilibrium constraints
based on equations of state and activity-based fugacity formulations. Phase stability
checks are conducted to determine whether flash calculations are necessary, and when
multiple phases are present, the Rachford-Rice equation is solved to determine phase
fractions and compositions consistent with the prescribed thermodynamic state.
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The algebraic system resulting from temporal and spatial discretization is highly
nonlinear due to the dependence of fluxes and thermodynamic quantities on the
evolving state variables. Solving this system requires careful linearization and coupling
techniques. The fully implicit method treats all governing equations of flow, transport,
and thermodynamic equilibrium as a unified system, solved simultaneously at each
timestep using Newton-Raphson iterations. This approach ensures strong coupling
between variables, enhances convergence properties, and is more robust for com-
plex CO2 storage problems. Matrix assembly, Jacobian construction, and convergence
criteria are described in detail for both porous and fractured domains.

Collectively, the elements presented in this chapter constitute the computational
core of the modeling framework. These elements bridge the physical formulations of
multiphase multicomponent systems with the modern numerical solution techniques.
The presented methods are directly applicable to the field-scale modeling of CO2

injection, migration, and trapping in heterogeneous geological formations.

3.1. FINE-SCALE FORMULATIONS

The fine-scale governing equations for multiphase, multicomponent flow in porous
media are presented in their continuous form, serving as the foundation for numerical
modeling of CO2 storage in deep saline aquifers. It has been shown in the literature
that such systems can be solved using as few as nc primary variables and equations,
where nc is the number of components [116]. Typically, mass conservation equations
are selected as the primary equations, while thermodynamic relations are employed
to update secondary variables.

In this study, a compositional modeling framework is developed based on the overall-
composition formulation. Spatial discretization is performed using the two-point flux
approximation finite volume method, chosen for its simplicity and ability to ensure
local mass conservation, an essential feature for accurate predictions of CO2 migra-
tion and trapping. Temporal discretization is carried out using a fully implicit back-
ward Euler scheme. The fine-scale formulation is further extended to explicitly rep-
resent fracture networks, employing transmissibility-based coupling between matrix
and fracture elements, as well as between intersecting fractures, to accurately capture
preferential flow paths.

3.1.1. OVERALL-COMPOSITION FORMULATION

Two principal formulations are commonly employed for compositional simulation
of multiphase, multicomponent systems: the natural-variable formulation and the
overall-composition formulation. In this research, the overall-composition formula-
tion is adopted due to its improved numerical stability and convergence properties,
particularly in cases involving phase appearance and disappearance [99]. This ap-
proach represents mixtures using component-based variables, specifically the overall
composition of each component together with pressure, and retains the same set
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of equations and unknowns regardless of the number of phases. By avoiding vari-
able switching, the formulation simplifies numerical implementation and improves
robustness during CO2 dynamic processes, where evolving temperature, pressure, and
salinity give rise to strong compositional gradients and transient phase behavior.

Specifically, for modeling CO2 storage in deep saline aquifers, the injected CO2 in-
teracts with resident brine to form a two-component (CO2, H2O), two-phase (aqueous,
CO2-rich) system. The overall mole (or mass) fraction of component c, denoted zc , is
defined as

zc =
nph∑
α=1

ναxc,α,∀c ∈ {1, . . . ,nc}, (3.1)

and

να = Sαρα
nph∑
α=1

ραSα

, (3.2)

where να is the mass fraction of phase α. The governing mass conservation equa-
tions (2.5) for each component, originally expressed in terms of phase variables, are
rewritten as

Ç

Çt

(
φρT zc

)+∇·
nph∑
α=1

(
xc,αραuα+Sαραjc,α

)− nph∑
α=1

xc,αqα = 0, ∀c ∈ {1, . . . ,nc}, (3.3)

where ρT denotes the total density, defined as a function of phase densities and
saturations. This system is complemented by thermodynamic constraints that ensure
phase equilibrium and compositional consistency,

fc,α
(
p, xc,α

)− fc,β
(
p, xc,β

)= 0, ∀α ̸=β ∈ {1, . . . ,nph}, c ∈ {1, . . . ,nc}, (3.4)

zc −
nph∑
α=1

ναxc,α = 0,∀c ∈ {1, . . . ,nc}, (3.5)

nc∑
c=1

xc,α = 1,∀α ∈ {1, . . . ,nph}, (3.6)

nph∑
α=1

να = 1. (3.7)

3.1.2. FINE-SCALE DISCRETE SYSTEM IN POROUS MEDIA

The coupled system of non-linear equations (3.3) is discretized in space using the
TPFA finite volume method, and in time using the backward Euler scheme.

The convective flux term is approximated using an upwind TPFA scheme. For each
component c in phase α, the interfacial convective flux Fc,α,i j between each pair of
neighboring control volumes i and j is defined as

Fc,α,i j = xc,α
kr,α

µα
ραTi j

(
ψα,i −ψα, j

)
, (3.8)
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where ψα,i is the phase potential in cell i and Ti j = Ai j

di j
K H

i j is the rock transmissibility

between cells i and j . Here, Ai j denotes the interfacial area, di j is the distance
between the cell centers, absolute permeability K H

i j is harmonically averaged. The

phase properties at the interface between the control volumes are evaluated using
an first-order upwind scheme. The molecular diffusion flux Jc,α,i j of component c in
phase α is formulated as

Jc,α,i j = ραT diff
α,i j

(
xc,α,i −xc,α, j

)
, (3.9)

where T diff
α,i j =

Ai j

di j
SαφDc,α is the diffusive transmissibility. Combining these terms, the

discrete form of the conservation equation at each control volume i and time level
t +1 is((

φρT zc
)t+1

i − (
φρT zc

)t
i

∆t

)
+ ∑

j∈N (i )

nph∑
α=1

(
Fc,α,i j + Jc,α,i j

)− nph∑
α=1

(
xc,αqα

)
i = 0,

∀c ∈ {1, . . . ,nc}. (3.10)

where N (i ) represents the set of neighboring control cells that share a common in-
terface with cell i .

3.1.3. FINE-SCALE DISCRETE SYSTEM IN FRACTURED POROUS MEDIA

The fracture-matrix coupling terms corresponding to equations (2.8)-(2.9) are modeled
following the approach of Lee et al. (2000) [117] and Hajibeygi et al. (2011) [118].
Independent structured grids are generated for a three-dimensional (3D) aquifer and
2D fractures. An illustration is presented in figure 3.1.

Figure 3.1: The independent numerical grids: (a) 3D grid for rock matrix and (b) 2D
grids for fractures.

For a matrix control volume i with the volume Vi having an embedded fracture
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element f with the area A f , the flux of component c in phase α across the matrix-
fracture interface is expressed as

Fc,α,i f = xc,αρα
kr,α

µα
Ti f (ψα, f −ψα,i ), (3.11)

and

Fc,α, f i = xc,αρα
kr,α

µα
T f i (ψα,i −ψα, f ), (3.12)

where the transmissibility between the matrix and the fracture is defined symmetri-
cally as

Tα, f i = Tα,i f =C Ii f K H
i f . (3.13)

Here, C Ii f denotes the connectivity index [118], calculated as

C Ii f =
Si f

〈di f 〉
, (3.14)

where Si f is the surface area of the connection and 〈di f 〉 represents the average
distance between the matrix control volume and the fracture surface. The fracture-
matrix fluxes satisfy the local conservation property Fc,α,i f =−Fc,α, f i .

Similarly, for two intersecting fracture elements i and j , belonging to fractures fi

and f j , the inter-fracture flux is given by

F
fi , f j

c,α,i j = xc,αρα
kr,α

µα
T

fi , f j

i j (ψ
f j

α, j −ψ
fi
α,i ), (3.15)

where T
fi , f j

α,i j is the rock transmissibility between the intersecting fracture elements.

The fully discrete conservation equations are then assembled for both matrix and
fracture control volumes. For a matrix cell i belonging to medium m, the balance
reads(

(φρT zc )t+1
i − (φρT zc )t

i

∆t

)m

+
nph∑
α=1

∑
j∈Nm (i )

(
Fc,α,i j + Jc,α,i j

)m

=
nph∑
α=1

∑
f ∈N f (i )

Fc,α,i f +
nph∑
α=1

(xc,αqα)i , ∀c ∈ {1, . . . ,nc}, (3.16)

and for a fracture cell i belonging to medium f is(
(φρT zc )t+1

i − (φρT zc )t
i

∆t

) f

+
nph∑
α=1

∑
j∈N f (i )

(
Fc,α,i j + Jc,α,i j

) f

=
nph∑
α=1

∑
k∈Nm (i )

Fc,α,i k +
nph∑
α=1

∑
j∈N f (i )

F
fi , f j

c,α,i j , ∀c ∈ {1, . . . ,nc}.

(3.17)

Here, Nm(i ) and N f (i ) denote the sets of matrix and fracture neighbors of cell i ,
respectively.
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3.2. FLASH CALCULATIONS

Flash calculations are fundamental in modeling multiphase, multicomponent flow
during geological CO2 sequestration in saline aquifers, as they determine the ther-
modynamic equilibrium state of the fluid mixtures under local pressure, temperature,
and composition conditions. It is typically assumed that equilibrium is reached in-
stantaneously, allowing phase behavior to be decoupled from the transport equations.
This separation enables independent evaluation of phase compositions and satura-
tions from the governing flow equations. Two equilibrium models are considered: a
simplified black-oil model, which captures essential dissolution effects while main-
taining computational efficiency, and a fully compositional model, which provides a
more physical thermodynamic description based on equations of state. Both models
utilize equilibrium K -values to determine phase fractions and compositions through
flash calculations, though they differ in complexity and underlying assumptions.

3.2.1. STABILITY CHECK

Before performing flash calculations, it is necessary to determine the number of stable
phases present in each control volume. This is achieved through a thermodynamic
stability check, which is conducted after updating primary variables during each iter-
ation.

For a binary isothermal system at pressure p, the presence of two phases is indicated
by

pdew < p < pbub, (3.18)

where pdew and pbub denote the dew-point and bubble-point pressures, respectively.
If p > pbub , the system remains entirely in the liquid phase, satisfying [119]

nc∑
c=1

zc Kc −1 < 0. (3.19)

Conversely, if p < pdew , the system remains completely in the vapor phase, and the
condition becomes

nc∑
c=1

zc

Kc
−1 < 0. (3.20)

In the two-phase region, a flash calculation is performed to resolve the phase com-
positions and saturations based on the local overall composition.

3.2.2. EQUILIBRIUM MODELS

Two phase equilibrium models are implemented to describe fluid behavior during CO2

storage: the black-oil model and the fully compositional model. Both frameworks rely
on K -values and employ the material balance method for phase equilibrium solutions,
but differ in the physical assumptions and level of thermodynamic detail involved.
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BLACK-OIL MODEL

The black-oil model simplifies phase behavior by assuming the lighter component
CO2 partitions between gas and aqueous phases, while H2O is confined exclusively to
the aqueous phase [14]. Thus, the gas phase is treated effectively as pure CO2. This
assumption significantly reduces computational complexity. Phase compositions are
explicitly specified as

xH2O,n = 0, xCO2,n = 1. (3.21)

Under these simplifications, fugacity coefficients in equation (2.19) for both com-
ponents can be directly calculated without iteration, as mixture parameters, amix and
bmix in equations (2.17)-(2.18), simplify to component-independent values. The quan-
tity of dissolved CO2 in the aqueous phase is described by the CO2-brine solubility
ratio Rs , defined as the volume ratio of dissolved CO2 to brine at specified condi-
tions. Following the thermodynamic approach detailed in Section 2.2, Rs relates to
CO2 mole fraction in the aqueous phase as [120]

Rs =
ρSTC

w xCO2,w

ρSTC
CO2

(
1−xCO2,w

) , (3.22)

where ρSTC
b and ρSTC

CO2
are the brine and CO2 densities at standard conditions, respec-

tively. The subscript ’b’ refers to brine, and the superscript ’STC’ denotes properties
evaluated at standard temperature and pressure conditions.

The corresponding K -values are given analytically by

KCO2 =
ρCO2 Rs +ρSTC

w

ρCO2 Rs
, KH2O = 0. (3.23)

Phase compositions are then determined by

[
xCO2,n xH2O,n

xCO2,w xH2O,w

]
=

 1 0
1

KCO2

1− 1

KCO2

 . (3.24)

The brine-phase density incorporating dissolved CO2 is updated as

ρw = ρSTC
CO2

+ρSTC
w Rs . (3.25)

If the cell is undersaturated (i.e., only a single liquid phase is present), the amount
of CO2 dissolved in brine is not enough to reach the dissolution limit [121]. Rs is
recalculated using the overall mole fraction of CO2

Rs =
ρSTC

w zCO2

ρSTC
CO2

(
1− zCO2

) . (3.26)
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FULLY COMPOSITIONAL MODEL

The fully compositional model accounts for mutual solubility of CO2 and H2O in both
phases, without restrictive assumptions. The equilibrium K -values are computed from
a combination of the Redlich-Kwong equation of state and activity models, as outlined
in Section 2.2. In this approach, the fugacity coefficients depend explicitly on mixture
composition, pressure, and temperature, necessitating iterative solution of coupled
equilibrium equations (2.16)-(2.23).

Once K -values are evaluated, phase partitioning is determined by solving the Rachford-
Rice equation for vapor fraction β

nc∑
c=1

zc (Kc −1)

1+β(Kc −1)
= 0 . (3.27)

This nonlinear equation is robust within the physically meaningful domain and
typically solved via bisection methods. Phase compositions are then directly recovered
from

xc,w = zc

1+β(Kc −1)
, (3.28)

xc,n = Kc zc

1+β(Kc −1)
. (3.29)

The updated phase compositions are subsequently used to evaluate phase mobil-
ities, component fluxes, and local source terms required in the transport equations.
The Rachford-Rice procedure is applied efficiently in each active grid cell during the
nonlinear iteration process. For cells identified as single-phase through the stability
check, the flash calculation is bypassed, and only a single composition is retained.
This treatment ensures computational efficiency without compromising thermody-
namic consistency. The overall framework accommodates both black-oil and fully
compositional models, providing a unified and robust approach under varying flow
and storage conditions encountered during CO2 sequestration in deep saline aquifers.

Furthermore, the effect of CO2 dissolution on brine density is evaluated using a
partial molar volume mixing rule

1

ρw (pw ,T, xCO2,w )
= 1−xCO2,w

ρw (pw ,T )
+ xCO2,w

ρn,φ(T )
, (3.30)

where ρw (pw ,T, xCO2,w ) is the density of water containing xCO2,w , while ρw (pw ,T )
denotes the pure-phase properties, and ρn,φ(T ) is the apparent density of dissolved
CO2 in water, defined as

ρn,φ(T ) = M2/Vφ, (3.31)

where M2 = 44.01×10−3 kg/mol is the molar mass of CO2, and Vφ is the partial molar
volume of CO2 in water, specified in Garcia (2001) [122] and parameterized as

Vφ = 10−6 · (37.51−9.585×10−2T +8.74×10−4T 2 −5.044×10−7T 3) , (3.32)

where temperatures are measured in Celsius.
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3.3. COUPLING AND LINEARIZATION

The governing equations for multiphase, multicomponent flow presented in the pre-
vious sections constitute a strongly nonlinear and coupled system, for which general
analytical solutions are typically unavailable. The system is usually solved numerically.
Due to the nonlinear interplay among pressure, transport processes, and thermody-
namic equilibrium, robust coupling and linearization strategies are essential. The
choice of numerical strategy significantly affects the accuracy, stability, and compu-
tational efficiency of the simulation.

Two widely adopted strategies are available for solving the coupled nonlinear sys-
tem: sequential methods and fully implicit methods (FIM). Sequential methods de-
couple the system into two subproblems, pressure and transport, corresponding to
the elliptic/parabolic and hyperbolic part of the governing equations, respectively. The
pressure equation is constructed by forming a linear combination of the component
mass balance equations, often formulated using either volume- or mass-based ap-
proaches. This pressure equation is solved first, where only pressure dependent terms
are implicitly treated. The updated pressure field is then used to solve the transport
equations [116]. The simplest approach would be the Implicit Pressure Explicit Sat-
uration (IMPES) method [97], where pressure is solved implicitly while saturation is
updated explicitly. However, the stability of this approach is limited to weakly coupled
systems and suffers from severe restrictions in the allowable time-step size [123].

To improve robustness, the sequential fully implicit (SFI) method was developed.
In SFI, additional inner iterations are performed between the pressure and transport
steps until convergence is achieved. Originally formulated for immiscible multiphase
flow, SFI has been extended in previous studies to both black-oil [82, 124] and fully
compositional multiphase systems [125–127]. In presence of strong coupling terms
between flow and transport equations, sequential strategies may not be efficient [123].

In contrast, the FIM solves the entire system of governing equations simultaneously,
including pressure, transport, and thermodynamic equilibrium. This monolithic ap-
proach inherently captures interdependencies between phase behavior, pressure, and
compositional changes, offering improved numerical robustness in strongly coupled
systems. Although each iteration is computationally more expensive, FIM generally
exhibits stable convergence behavior [128] and is widely regarded as the preferred
strategy for realistic CO2 sequestration problems [77].

In the general FIM framework, all equations are first discretized and written in
residual form such that a set of discrete equations of the form [129]

r (ξ) = 0, (3.33)

is obtained. Here, r is the residual vector and ξ is the vector of unknowns. Since
r (ξ) is generally non-linear, a global linearization technique is required. The Newton-
Raphson method is typically employed, yielding

r ν+1 ≈ r ν+ Çr

Çξ

∣∣∣∣νδξν+1 = 0, (3.34)



3

30 3. NUMERICAL SIMULATION STRATEGY

where ν denotes the nonlinear iteration index and δξ is the increment. Thus, at each
iteration a sparse large linear system of equations, in the form

Jνδξν+1 =−r ν, (3.35)

which is solved iteratively until convergence is achieved (i.e., r ν < ϵ, where ϵ is an
arbitrary small real number). Here, J is the so-called Jacobian matrix and contains
the partial derivatives of the residuals with respect to the unknowns.

3.3.1. SOLUTION STRATEGY IN POROUS MEDIA

In the overall-composition formulation, the wetting-phase pressure (pw ) and the over-
all mole (mass) fraction of CO2 (zCO2 ) serve as the primary variables. These are stored
and updated at each grid cell and timestep, ensuring that both pressure and com-
position fields are resolved in a fully coupled manner. The governing conservation
equations (3.10) are written in residual form for each component c as follows

r ν+1
c,i = Viφi

∆t

(
zν+1

c ρν+1
T − zνc ρ

ν
T

)
i +

∑
j∈N (i )

nph∑
α=1

(
Fν+1

c,α,i j + Jν+1
c,α,i j

)
−

nph∑
α=1

(
xc,αqα

)ν+1
i = 0,

∀c ∈ {1, . . . ,nc}. (3.36)

where ν and ν+1 are the previous and the new iteration steps. Phase equilibrium
equations (3.4) are also enforced at each iteration step

Eν+1
c = K ν+1

c,α,βxν+1
c,β −xν+1

c,α = 0 . (3.37)

The Newton-Raphson method is used to linearize and iteratively solve these equa-
tions

r ν+1
c ≈ r νc + Çrc

Çpw
|νδpν+1

w + Çrc

ÇzCO2

|νδzν+1
CO2

. (3.38)

This leads to a system of linearized equations that can be expressed in a matrix
form: [

JCO2,pw JCO2,zCO2

JH2O,pw JH2O,zCO2

]ν
︸ ︷︷ ︸

Jν

[
δpw

δzCO2

]ν+1

︸ ︷︷ ︸
δξν+1

=−
[

rCO2

rH2O

]ν
.︸ ︷︷ ︸

r ν

(3.39)

Here, Jν is the Jacobian matrix of partial derivatives and δξν+1 is the vector of solution
updates. Nonlinear convergence is reached when the residual norms and variable
updates fall below user-specified tolerances [130](∥r ν+1

CO2
∥2

∥r 0
CO2

∥2
< ϵ(rCO2 ) ∨

∥r ν+1
CO2

∥2

∥rhsCO2∥2
< ϵ(rCO2 )

)
∧

(∥r ν+1
H2O∥2

∥r 0
H2O∥2

< ϵ(rH2O) ∨
∥r ν+1

H2O∥2

∥rhsH2O∥2
< ϵ(rH2O)

)
∧(∥δpw∥2

∥pw∥2
< ϵ(pw ) ∧

∥δzCO2∥2

∥zCO2∥2
< ϵ(zCO2 )

)
.

(3.40)
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3.3.2. SOLUTION STRATEGY IN FRACTURED POROUS MEDIA

For fractured systems, the residual equations (3.16)–(3.17) are formulated separately
for the matrix and fracture domains. For a matrix cell i , the residual is

r ν+1
c,i = Viφi

∆t

(
zν+1

c ρν+1
T − zνc ρ

ν
T

)m
i +

nph∑
α=1

∑
j∈Nm (i )

(
Fν+1

c,α,i j + Jν+1
c,α,i j

)m

−
nph∑
α=1

∑
f ∈N f (i )

Fν+1
c,α,i f −

nph∑
α=1

(xc,αqα)ν+1
i = 0, ∀c ∈ {1, . . . ,nc}, (3.41)

and for a fracture cell i

r ν+1
c,i = Viφi

∆t

(
zν+1

c ρν+1
T − zνc ρ

ν
T

) f
i +

nph∑
α=1

∑
j∈N f (i )

(
Fν+1

c,α,i j + Jν+1
c,α,i j

) f

−
nph∑
α=1

∑
k∈Nm (i )

Fν+1
c,α,i k −

nph∑
α=1

∑
j∈N f (i )

F
fi , f j ,ν+1

c,α,i j = 0, ∀c ∈ {1, . . . ,nc}. (3.42)

Let r ν =
[

(r m)ν, (r f1 )ν . . . (r fnfrac )ν
]T

denote the global residual vector where (r m)ν is the

residual vector of medium m at iteration ν. Correspondingly, the primary unknowns
pw and zCO2 are defined for each control volume in both matrix and fracture domains.
The residual rν+1 is nonlinear in these variables, and thus, a Newton-Raphson method
is employed at each time-step to solve the system iteratively

r ν+1
c ≈ r νc + Çrc

Çpw
|νδpν+1

w + Çrc

ÇzCO2

|νδzν+1
CO2

. (3.43)

The resulting linearized system takes the block structure

(
J m,m

CO2,pw
J m, f

CO2,pw

J f ,m
CO2,pw

J f , f
CO2,pw

)  J m,m
CO2,zCO2

J m, f
CO2,zCO2

J f ,m
CO2,zCO2

J f , f
CO2,zCO2


(

J m,m
H2O,pw

J m, f
H2O,pw

J f ,m
H2O,pw

J f , f
H2O,pw

)  J m,m
H2O,zCO2

J m, f
H2O,zCO2

J f ,m
H2O,zCO2

J f , f
H2O,zCO2





ν

︸ ︷︷ ︸
Jν


δpm

w

δp f
w

δzm
CO2

δz f
CO2


ν+1

︸ ︷︷ ︸
δξν+1

=−


r m

CO2

r f
CO2

r m
H2O

r f
H2O


ν

︸ ︷︷ ︸
r ν

, (3.44)

where Jν includes all coupling terms between matrix and fracture unknowns across
both components. The convergence criteria follow the same equation (3.40) as for the
single-continuum case.





4
MULTI-TASK DEEP LEARNING WITH

CONSISTENCY FOR CO2 MIGRATION

Following the previous chapters, which established a comprehensive framework for
simulating CO2 injection and migration in deep saline aquifers using a fully coupled
fine-scale compositional flow model, this chapter shifts focus toward data-driven sur-
rogate modeling. This modeling framework integrates the overall-composition for-
mulation, phase equilibrium calculations, and robust solution strategies for nonlinear
systems. While such high-fidelity simulations can capture the complex physics of
multiphase, multicomponent CO2-brine systems, their computational cost becomes
prohibitive when applied to uncertainty quantification, real-time decision-making, or
large-scale field applications involving geological heterogeneity and nonlinear thermo-
dynamic behavior. To address these limitations, we introduce an efficient surrogate
modeling framework based on deep learning techniques, aimed at predicting the spa-
tiotemporal evolution of key flow variables, specifically the dissolved CO2-brine ratio
(Rs ) and gas saturation Sg in saline aquifers. These two quantities are important for
assessing the performance of physical trapping mechanisms, such as dissolution and
residual trapping, in long-term CO2 storage. Rather than treating each variable inde-
pendently, as in traditional single-task learning approaches, the proposed framework
employs a multi-task learning with consistency (MTLC) paradigm that simultaneously
predicts both variables while enforcing cross-task consistency informed by the under-
lying physical relationships.

This chapter presents the design, training, and evaluation of the MTLC model, which
leverages an encoder-decoder architecture constructed using residual blocks. The
model is trained using datasets generated from high-resolution compositional sim-
ulations, as described in the previous chapter, and is guided by domain knowledge of
CO2 trapping physics. Through joint learning and consistency-based regularization,
the MTLC framework improves generalization and prediction accuracy, especially in
scenarios with limited labeled data. The results demonstrate that the surrogate model
captures the dynamic evolution of Rs and Sg with high fidelity while achieving sig-

Parts of this chapter have been published in the Advances in Water Resources, Vol. 178 (2023) [47].
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nificant computational acceleration compared to conventional finite volume solvers.

This chapter marks a transition from traditional numerical simulations to deep
learning methods, providing a scalable and data-efficient alternative for modeling CO2

migration and trapping in deep geological formations.

4.1. PROBLEM DEFINITION

This section defines the problem setting for developing a data-driven surrogate model
aimed at predicting the dynamic behavior of CO2 migration in deep saline aquifers. We
first describe the fine-scale physical formulation based on a compositional multiphase
flow model. This formulation serves as the foundation for generating high-fidelity
simulation data using fully implicit numerical solvers. Subsequently, we formalize
the surrogate modeling problem as a supervised learning task. The objective is to
approximate the time-dependent response of two key variables, the solution CO2-
brine ratio (Rs ) and the gas saturation (Sg ), from spatially heterogeneous permeability
fields. These quantities characterize the primary hydrodynamic trapping mechanisms
of injected CO2.

4.1.1. FINE-SCALE FORMULATION

For multi-component, multi-phase CO2-brine flow problems, the mass conservation
equation using the overall-composition formulation is presented in Chapter 3 as fol-
lows

Ç

Çt
(φρT zc )+∇· (

∑
α

xc,αραuα)−∑
α

xc,αραqα = 0, (4.1)

where the first term is the fluid accumulation, the second is the advective term, and
the third is the source or sink term. The equation system is closed by enforcing the
constraints Sw +Sg = 1, zCO2 + zH2O = 1.

These governing equations are iteratively solved using a fully implicit numerical
scheme, where the primary variables are the liquid-phase pressure (pw ) and CO2

mole fraction (zCO2 ). Additionally, to simplify the problem formulation, molecular
diffusion and hydrodynamic dispersion effects are not explicitly modeled; a common
assumption in CO2 storage simulations [14].

4.1.2. SURROGATE MODELING FOR CCS

The fully physics-based simulator, DARSim, numerically solves the above governing
equations using a finite-volume method (FVM) with a fully implicit scheme [87]. We
are concerned with the dynamics of interaction between CO2 and brine, which is
a challenging problem due to the complex interplay between viscous, capillary, and
gravitational forces.
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Moreover, in order to quantify the impact of different trapping mechanisms and
uncertain reservoir properties, we design heterogeneous permeability realizations, and
then calculate the amount of CO2 trapped by dissolution and residual trapping, which
are considered to be secure in hydrodynamic trapping. They are calculated based on
the solution CO2-brine ratio Rs and gas phase saturation maps Sg , respectively. In
particular, Rs is described as

Rs =
ρSTC

brinexCO2,w

ρSTC
CO2

(1−xCO2,w )
. (4.2)

However, solving the discretized version of equation (4.1) repeatedly for uncertainty
quantification tasks becomes computationally prohibitive. Performing large ensem-
bles of simulations involving high-dimensional, spatially heterogeneous domains with
strong nonlinear interactions and frequent flash calculations is computationally ex-
pensive. Suppose the computational simulation is considered as a black-box mapping,
a single simulation run can be described as

y = f (ξ), (4.3)

where ξ ∈Rns denotes the high-dimensional realization of random field, ns is the total
number of grid blocks, f indicates the simulation-induced function, y ∈R2ns nt is the
dynamic response maps (Rs and Sg ) at nt time steps.

In order to resemble an inexpensive replacement of the numerical simulator, deep
learning models with the y ≈ ŷ =F (ξ,θ) are trained with a limited simulation dataset{
(ξi ,yi )

}N
i=1 to approximate the relationship between the input properties ξ and the

corresponding multiple dynamic responses y, where θ are the deep neural network
parameters, and N is the number of training simulation-based data. Therefore, the
main task is transformed to an image-to-image regression problem which requires
pixel-wise predictions as F : Rns → R2ns nt . Therefore, our goal in this work is to de-
velop a surrogate model to provide the time-dependent states ŷ given a permeability
map ξ.

4.2. NEURAL NETWORK ARCHITECTURES

To effectively model the complex spatiotemporal behavior of CO2 migration and trap-
ping in heterogeneous saline aquifers, a series of deep neural network architectures
are introduced in this section. The surrogate models are designed to approximate
the high-dimensional, nonlinear mapping between geological input parameters and
dynamic flow responses such as the solution CO2-brine ratio (Rs ) and gas satura-
tion (Sg ). We first describe the baseline single-task learning (STL) framework, which
learns separate models for each output variable using convolutional encoder-decoder
structures. To improve training depth and feature extraction capability, residual con-
nections are then introduced through ResNet modules. Next, the multi-task learning
(MTL) framework is presented to enable shared representation learning for multiple
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outputs, thereby capturing task-relatedness and reducing overfitting. Finally, a multi-
task learning architecture with cross-task consistency (MTLC) is proposed to further
exploit the inherent physical relationship between Rs and Sg , thereby improving pre-
dictive reliability under limited labeled data.

4.2.1. SINGLE-TASK LEARNING (STL)

Given the input-output dataset (ξ,y), standard deep neural networks approximate the
mapping f̂ : ξ→ y using a sequence of fully connected layers, which can be expressed
as follows

al = hl (al−1) =σl (Wl al−1 +bl ), (4.4)

where Wl and bl are the weights and biases for the l th layer with input al−1 and
output al , respectively. σl denotes the nonlinear activation function. Therefore, the
approximate function is f̂ = hL ·hL−1 · · ·h1, where L is the depth of the network.

However, a fully connected neural network leads to an extremely large number of
trainable parameters when dealing with the high-dimensional problems. Convolu-
tional neural networks (CNNs) are commonly applied to reduce the number of pa-
rameters greatly due to the parameter sharing scheme. Therefore, they are widely used
for image processing and are able to extract the features of inputs [131]. A convolu-
tional layer consists of a series of convolution kernels which are used to compute the
feature maps that are essentially matrices. Suppose that we have some S ×S square
neuron layer which is followed by convolutional layer. If we use an m ×m filter ω,
the output will be of size (S −m +1)× (S −m +1), and the feature value hi , j (ξi , j ) at
location (i , j ) is the sum of contributions (weighted by the filter components)

hi , j (ξi , j ) =σ
(

m−1∑
ki=0

m−1∑
k j =0

ωki ,k j ξi+ki , j+k j

)
. (4.5)

Therefore, the feature maps of a convolutional layer consisting of Nk filters are{
hl , l = 1, ..., Nk

}
.

In contrast to traditional CNNs, which consist of a series of convolutional layers
followed by fully connected layers, a popular model design pattern for pixel-wise pre-
dictions is the encoder-decoder architecture. It replaces the last fully-connected layers
with upsampling or deconvolution layers to recover resolution, exhibiting promising
performance in handling mappings between high-dimensional inputs and outputs
[52]. The encoder-decoder neural network employs a coarse-refine process, where the
encoder reduces spatial dimensions in every layer and increases channels to extract
higher-level features at lower spatial resolution, while the decoder increases spatial di-
mensions and reduces channels to refine the image representation and construct the
output. Ultimately, the spatial dimensions are restored to make predictions for each
input image pixel [132]. This type of model has been successfully utilized in various
fields, including computer vision for image segmentation [133]. Moreover, there are
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also successful applications in the general context of multiphase flow [51, 63]. There-
fore, a fully convolutional encoder-decoder architecture is employed to formulate our
approach.

4.2.2. RESIDUAL NEURAL NETWORK (RESNET )

When dealing with deep CNNs to solve a complicated task, the general operation is to
engage in stacking more layers. These additional layers help solve complex problems
more efficiently as the different layers could be trained for varying tasks to get highly
accurate results. While the number of stacked layers can enrich the feature of the
model, a deeper network can suffer from degradation. In other words, as the number
of layers of the neural network increases, the accuracy levels may get saturated and
slowly degrade after some points. As a result, the performance of the model deterio-
rates both on the training and testing datasets. This degradation is the result of the
problem of vanishing or exploding gradients [134].

In order to solve this problem, the ResNet architecture is introduced with the con-
cept of Residual Blocks. In this network, a technique called shortcut connection is
developed. As shown in the left subfigure of Figure 4.1, the shortcut connection con-
nects activations of a layer to further layers by skipping some layers in between. This
forms a residual block. ResNets are made by stacking these residual blocks together.
The idea behind this is to learn the residual mapping (the difference between the
input and output of a layer) instead of the actual mapping, making it easier for the
network to learn the identity function and thereby mitigating the vanishing gradient
problem in deep networks. Therefore, instead of fitting the original mapping h(ξ), the
network is trained to fit the residual mapping:

F (ξ) := h(ξ)−ξ . (4.6)

The advantage of adding this type of shortcut connection is that if any layer ham-
pers the performance of the architecture, its negative effect can be mitigated by the
residual connection. So, this results in training a very deep neural network without the
problems caused by vanishing/exploding gradient. Therefore, the ResNet-V2 structure
is employed as the network backbone. The approximated relationship is described as

ξl+1 = ξl +F (σ(ξl ),θl ), (4.7)

where σ denotes the pre-activation, ξl and θl are the input feature and hyperparam-
eters to the l -th Residual Unit, respectively. In this way, the optimization is further
eased and meanwhile, the pre-activation scheme enhances regularization effective-
ness and helps reduce overfitting [135].

An illustration of the ResNet-V2 block is shown in Figure 4.2. The residual block has
two convolutional layers with the same number of output channels. Each convolu-
tional layer is preceded by a batch normalization layer and a ReLU activation function.
Then, the input is added directly to the output of the two convolutional layers via a
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Figure 4.1: Left: the illustration of a single residual block with a shortcut connection
for maintaining feature information from previous layers and enhancing
learning capacity. Right: the illustration of the general Multi-Task Learning
(MTL) framework using deep neural networks for simultaneously learning
multiple tasks. The shared encoder branches out to distinct decoders for
each task, leveraging shared knowledge while allowing task-specific learn-
ing.

shortcut connection. This implies that the output of the two convolutional layers has
to be of the same shape as the input, so that they can be added together. If we want
to change the number of channels, we need to introduce an additional 1×1 convolu-
tional layer to transform the input into the desired shape for the addition operation.
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Figure 4.2: The basic residual blocks of ResNet-V2: without (left) and with (right) 1×1
convolution. The 1×1 convolution operation is used to transform the input
into the desired shape for the addition operation.

The typical single task learning process of a neural network is described as follows:
suppose ξ represents the input domain (i.e., permeability fields) and y = {

y1,y2
}

is
the set of desired prediction domains (i.e., Rs and Sg maps). The aim is to learn the
approximate relationship between input and prediction domains:

Fξ =
{

f̂ξy1 , f̂ξy2

}
, (4.8)
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where f̂ξy1 and f̂ξy2 outputs y1 and y2 given ξ, respectively. Training f̂ξy1 (ξ) involves
finding parameters that minimize the loss function, e.g., mean absolute error (MAE).
As for f̂ξy2 (ξ), the procedure is the same.

As shown in Figure 4.3, ResNet serves as the network backbone and combines
Encoder-Decoder architecture to form the single task learning framework in this chap-
ter, and the multi-task framework described later is also developed based on this
framework. In particular, in order to capture temporal dynamics, we apply a three
dimensional extension of the encoder-decoder architecture which means the convo-
lutional kernels are 3-D that can extract information in both the temporal and spatial
dimensions [136].
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Figure 4.3: Single Task Learning (STL) network architecture, employing an encoder-
decoder structure, designed specifically for predicting gas saturation maps.
This schematic shows the path of data through the network, highlighting
the key components of the architecture.

4.2.3. MULTI-TASK LEARNING (MTL)

Currently, most methods for multiphase flow are focused on only one of these tasks
(i.e., saturation or pressure maps), and they also achieve the state-of-the-art perfor-
mance through the technique of deep learning. However, there may be instances
when learning from many related tasks at the same time would lead to better mod-
eling performance [137]. This is addressed in the domain of multi-task learning, a
subfield of machine learning in which multiple objectives are trained within the same
model simultaneously. Compared to the single-task methods where each individual
task is solved separately by its own network, recently, several multi-task learning meth-
ods in computer vision have shown a promising direction to improve the predictions
by jointly tackling multiple tasks to mutually enhance performance across tasks [138].

Compared to single-task learning, the loss function of typical multi-task learning is
described by

L = ∣∣ f̂ξy1 (ξ)− y1
∣∣+ ∣∣ f̂ξy2 (ξ)− y2

∣∣ , (4.9)

where |·| denotes the MAE value which is also referred to as L1 norm. Moreover, the
first and the last terms are the standard losses for training f̂ξy1 and f̂ξy2 , respectively.
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MTL is used in many fields and joint learning is considered to give an improved
representation than other STL since this method can capture the intrinsic association
features between tasks [139]. In the context of deep learning, MTL is performed by
learning shared representations from multiple supervisory tasks. Classical deep multi-
task architectures were hard parameter sharing techniques in which the parameter set
is divided into shared and task-specific parameters, as shown in the right subfigure of
Figure 4.1. MTL models typically consist of a shared encoder that branches out into
task-specific heads. Multi-task learning jointly fits all tasks, which acts as a form of
regularization, thereby reducing the risk of overfitting to a single task learning.

4.2.4. MULTI-TASK LEARNING WITH CONSISTENCY (MTLC)

The predictions of Rs and Sg maps are important and challenging for CO2 trapping
in deep saline aquifers. The general objective of multi-task learning is to improve
generalization by leveraging the domain-specific information contained in the train-
ing signals of related tasks. Common multi-task learning approaches are a shared
feature extractor component (encoder) with multiple "heads" (decoder) that perform
separate tasks. Common fusion and feature-sharing schemes can leverage the corre-
lations between tasks, but there exist some drawbacks. For example, the integration
of different features might result in ambiguity of information; the fusion does not
explicitly model the task-level interaction where we do not know what information is
transmitted [140].

The prediction tasks for Rs and Sg correspond to distinct but physically related
responses governed by the same underlying permeability field. Hence inconsistency
among predictions implies contradiction and is inherently undesirable. Furthermore,
these two parameters have similar spatiotemporal patterns due to the same CO2 tra-
jectory. This similarity pattern between the related tasks are informative and can be
used to better fit the data. The dynamic processes of Rs and Sg are connected by
the underlying physics and consequently enforce some constraints on each other, re-
ferred to as consistency constraints [141]. In this work, the consistency constraints
are learned from data rather than an a prior given relationship, which makes the
method applicable to any pairs of tasks that are not independent, particularly when
their analytical relationship is unknown or difficult to formulate.

The independent single-task learning satisfies various ideal properties, if given an
infinite amount of labeled data. However, there is only limited amount of expen-
sive labeled data in practice. Thus, a label-efficient multi-task learning method is
presented which introduces the concept of cross-task consistency. The difference be-
tween single-task network, common MTL network and MTL with consistency (MTLC)
is shown in Figure 4.4. The MTLC consists of one shared encoder, two task-specific
decoders, and an additional encoder-decoder pair for the transformation between Rs

and Sg . The shared encoder is responsible for processing the permeability fields and
generating a shared representation for both tasks. Then, the encoder branches into
two decoders, one for each task. These decoders receive the shared representation
and transform it into a task-specific output. Each decoder is specialized in generating
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output for its respective task. Finally, an additional encoder-decoder pair is designed
to enforce consistency between tasks. The encoder in this pair takes the output Sg

and generates a representation, which is then transformed into Rs by the correspond-
ing decoder. This additional encoder-decoder pair helps in ensuring that the learned
representations for Sg and Rs are consistent with each other. The detailed encoder
and decoder architecture is shown in Table 4.1. It is worth noting that the number
of encoders and decoders varies between the single-task learning (STL), multi-task
learning (MTL), and multi-task learning with consistency (MTLC) models. However,
the layers within the encoder and decoder remain the same across all three models.
This ensures that the architectural differences between the models are primarily re-
lated to the handling of tasks, while maintaining consistency in the internal structure
of the encoders and decoders.

(Shared) 
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Task-
specific 
Decoder

Task-
specific 
Decoder

Encoder

Decoder

Encoder

Decoder

Permeability(mD)
(a) Single-task Learning (STL)

Saturation

Rs

(b) Muti-task Learning without consistency (MTL)

(c) Muti-task Learning with consistency (MTLC)

Figure 4.4: The illustration of the differences between STL, MTL and MTLC. MTLC
incorporates an additional encoder-decoder architecture to enforce cross-
task consistency, encouraging the learning process to better capture and
utilize the shared underlying structures between tasks.

Therefore, an additional constraint to guide the training toward cross-task consis-
tency is introduced. In addition to f̂ξy1 and f̂ξy2 , the function Fy = {

f̂y1y2

}
is also

defined which is the set of cross-task functions that map the prediction domains
onto each other. The loss function for training the MTLC is defined as

Lξy1y2 =
∣∣ f̂ξy1 (ξ)− y1

∣∣+ ∣∣ f̂y1y2 ◦ f̂ξy1 (ξ)− f̂ξy2 (ξ)
∣∣+ ∣∣ f̂ξy2 (ξ)− y2

∣∣ , (4.10)

where the middle term is the consistency term which enforces that predicting y2 out of
the predicted y1 yields the same result as directly predicting y2 out of ξ. This part of the
network is aimed at discovering the similar patterns from the data. This consistency
constraint helps the model generalize better by focusing on the common aspects of
the tasks rather than learning task-specific features. It also helps regularize the model,
preventing overfitting, and allowing it to exploit complementary information provided
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Table 4.1: Encoder-Decoder architecture details. k denotes the kernel size; s denotes
the stride, c denotes the number of kernels; Conv denotes convolutional
layer; Residual block is described in figure 4.2.

Net Layer Output size
Input (96,200,6,1)

Encoder Conv, k=(3×3×3), s=(2×2×1), c=16 (48,100,6,16)
Residual block, k=(3×3×3), s=(1×1×2), c=32 (48,100,3,32)
Residual block, k=(3×3×3), s=(2×2×1), c=64 (24,50,3,64)
Residual block, k=(3×3×3), s=(1×1×2), c=128 (24,50,2,128)
Residual block, k=(3×3×3), s=(2×2×1), c=256 (12,25,2,256)
Residual block, k=(3×3×3), s=(1×1×1), c=256 (12,25,2,256)

Decoder Upsampling/Residual block, k=(3×3×3), s=(2×2×1), c=128 (24,50,2,128)
Upsampling/Residual block, k=(3×3×3), s=(1×1×2), c=64 (24,50,3,64)
Upsampling/Residual block, k=(3×3×3), s=(2×2×1), c=32 (48,100,3,32)
Upsampling/Residual block, k=(3×3×3), s=(1×1×2), c=16 (48,100,6,16)
Upsampling/Residual block, k=(3×3×3), s=(2×2×1), c=8 (96,200,6,8)
Conv, k=(3×3×3), s=(1×1×1), c=1 (96,200,6,1)

by both tasks. Therefore, the learning of predicting y1 and y2 is not independent
anymore and a single deep learning framework performs simultaneous training of
two tasks. In this work, the Sg and Rs maps are considered as y1 and y2, respectively.

4.3. NUMERICAL EXPERIMENTS AND RESULTS

This section presents numerical experiments to evaluate the performance of the pro-
posed MTLC framework for predicting CO2 migration in deep saline aquifers. We
begin by describing the generation of simulation datasets based on high-resolution
compositional modeling, capturing the effects of permeability heterogeneity and mul-
tiphase interactions. The training procedures for different neural architectures are
then detailed, followed by performance comparisons between STL, MTL, and MTLC
models across various training sizes. Finally, we assess the capability of the models
in uncertainty quantification, demonstrating that MTLC offers accurate, efficient, and
physically consistent predictions suitable for CCS applications.

4.3.1. DATASETS GENERATION

In order to illustrate the performance of our method for predicting the CO2 migration
in deep saline aquifers, a 2-D CCS simulation system is considered. From a geological
perspective, saline aquifers often have a dominant length in the longitudinal direction
compared to their cross-sectional width. Since gravity plays an essential role in the
CO2 trapping process, the 2D xz representation is preferred to x y representation in
order to retain important vertical heterogeneity and fluid migration behavior. The
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model simulates the migration of CO2 within a 2-D vertical cross-sectional aquifer
domain. The dimensions are 200 m × 96 m, with a grid block size of 1 m × 1 m.
The initial pressure is set to be 2.5×107 Pa with a constant temperature of 300 K. No
flow boundary conditions are imposed on all sides of the aquifer. CO2 is injected
through the bottom 48 m of the domain on the left side at a constant rate of 2×10−4

pore volumes per day. A production well is placed on the entire right side. The total
simulation time and injection time are 600 days. The nonlinear relative permeability
curves and capillary pressure curves are shown in Figure 4.5. Physical parameters and
simulation settings are presented in Table 4.2.

Table 4.2: Depiction of the physical parameters and simulation setup utilized in the
DARSim Numerical Simulation.

Parameter Value Unit
Aquifer length 200 m
Aquifer height 96 m
Porosity 0.2 -
CO2 injection rate 2×10−4 pore volumes per day
Initial pressure 2.5×107 Pa
Bottom hole pressure 2.5×107 Pa
Temperature (isothermal) 300 K
CO2 density at STC 1.98 kg/m3

Brine density at STC 1060 kg/m3

Brine salinity 1×105 parts per million

(a) Relative permeability curves (b) Capillary pressure curves

Figure 4.5: (a) Primary drainage and imbibition curves for liquid and gas phases,
where the superscripts d and i represent drainage and imbibition, respec-
tively. A single-headed arrow indicates that the process along a given curve
is irreversible, while a double-headed arrow signifies that the process is re-
versible. (b) Illustration of drainage/imbibition capillary pressure curves.

To mimic the geological formations used for CO2 sequestration, a total of 1400 per-
meability fields are generated using the open-source package Stanford Geostatistical
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Modeling Software (SGeMS) [142] with laterally correlated heterogeneity. The distribu-
tion of log-transformed permeability and one random realization of the permeability
field are shown in Figure 4.6. The forward simulation is performed using DARSim and
we collect the output state maps (Rs and Sg maps) at prescribed time steps respec-
tively. Each simulation takes 4800 seconds on an Intel Core i7-12700K.

Figure 4.6: Left: the histogram representing the distribution of the 1400 log-
permeability fields used in both training and test datasets, showing the
variation and spread of the data. Right: visual representation of a per-
meability realization where CO2 is injected from cells on the bottom-left
boundary, demonstrating the practical application of the field.

We are interested in the spatial-temporal evolution of the Rs and Sg maps during
CO2 injection period. Thus, we collect the output state maps at six uniform time
instances to train the networks. The goal is to train networks with the simulation
data that yield reliable predictions of Rs and Sg on the hitherto unseen permeability
fields in the test set.

4.3.2. TRAINING PROCEDURES

The loss function used for the training models is the Mean Absolute Error (MAE),
defined as

LMAE = argmin
θ

1

N

N∑
i=1

∥∥ŷi −yi
∥∥

1 , (4.11)

where N is the total number of geo-models in the training set. In the training process,
the loss function is minimized by tuning the network parameters θ. The gradient of
the loss function with respect to θ is automatically computed by back-propagation
[143]. In this work, the batch size is set to 16, and the adaptive moment estimation
(Adam) optimization algorithm [144] is used with the initial learning rate of 0.001
and a decay factor of 0.1. This has been found to be an effective procedure for the
training of many deep neural network architectures. Moreover, we utilize varying sizes
of training datasets with 300, 600, 900, and 1200 permeability realizations to train the
models. A separate, fixed set of 200 permeability realizations, not included in the
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training data, is used for testing the performance of all trained models. Due to the
limited size of the dataset, we have not employed a separate validation dataset.

During the training process, the MAE metric is used to monitor the convergence of
both the training and test errors. Additionally, to evaluate the quality of the trained
models, we also consider two commonly used metrics, the root mean square error
(RMSE) metric and the coefficient of determination (R2) evaluated on 200 predefined
test samples. The RMSE is calculated by

RMSE =
√√√√ 1

Ntest

Ntest∑
i=1

∥∥ŷi −yi
∥∥2

2. (4.12)

The R2 is defined as

R2 = 1−
∑Ntest

i=1

∥∥ŷi −yi
∥∥2

2∑Ntest
i=1

∥∥yi −y
∥∥2

2

, (4.13)

where y denotes the average of the reference values. In particular, smaller MAE and
RMSE values represent better performance, and an R2 value closer to 1 indicates better
prediction quality.

4.3.3. TRAINING AND TESTING RESULTS

Figure 4.7 shows the MAE value of MTLC training and testing loss with the number
of epochs and for training ensemble sizes of 300, 600, 900, and 1200 realizations. The
models are trained on a NVIDIA GeForce RTX 3080 GPU which takes approximately
2000 to 7000 s to complete 300 training epochs, depending on the number of training
samples (ranging from 300 to 1200). The training data generation and training times
for the deep learning models are part of the initial setup process and need only be
considered once. After training, given a new realization, the MTLC can provide pre-
dictions for the state maps, at 6 time steps, in an elapsed time of about 19 ms. This
speed-up is 5 orders of magnitude faster than the numerical simulator, which is at-
tributed to the benefits of using a GPU for the deep learning model’s execution. The
GPU’s parallel processing capability and the extensive support provided by modern
deep learning frameworks significantly contribute to the efficiency advantage of the
MTLC model over the traditional numerical simulator. Therefore, the MTLC model
becomes beneficial when a large number of realizations for uncertainty quantification
or optimization. It is observed that the MAE starts to stabilize after 200 epochs for
both Rs and Sg . For the testing dataset, the MAE for Rs is approximately 0.02 and
for Sg is 0.005. The error for Rs is relatively large due to the presence of response
discontinuity, which is a well-known challenge for other surrogate models, and this
error can be considered acceptable in the context of CCS.

The performance of our MTLC model in approximating the time-dependent multi-
output predictions is further demonstrated in Figures 4.8 and 4.9, which depict a
comparison of the Rs and Sg fields at various time instances (100, 200, 300, 400,
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Figure 4.7: (a) Evolution of Mean Absolute Error (MAE) with the number of epochs
in both the training and test sets for the task Sg , using different training
sample sizes (N = 300, 600, 900 and 1200). (b) Evolution of MAE with the
number of epochs in both the training and test sets for the task Rs , using
different training sample sizes.

500 and 600 days) predicted by DARSim and our MTLC model using 1200 training
samples. As expected, the model achieves high approximation accuracy for both Rs

and Sg fields over time.

4.3.4. PERFORMANCE COMPARISON

To demonstrate the efficiency and effectiveness of the MTLC framework, we compare
the performance of MTLC, MTL and STL. Each model is trained using different num-
bers of training samples, 300, 600, 900, 1200 realizations, respectively. After training,
the prediction times for STL, MTL, MTLC are 14 ms, 17 ms and 19 ms, respectively, with
negligible differences. It is worth noting that for STL, the model evaluation needs to
be performed separately for Rs and Sg , while MTL and MTLC only need to be done
once.

The R2 scores for the test dataset for each model with different training data set
sizes are shown in Figure 4.10. The figure shows that the model achieves a relatively
high R2 value of 0.9394 for the Sg problem and 0.8807 for Rs with only 300 training
samples, even with high input dimensions and the presence of response discontinu-
ity. These values are much higher than those of the STL (0.9140 and 0.8366). When
increasing the sample size to 1200, the model achieves R2 values of 0.9762 and 0.9335
for Sg and Rs , respectively. We also performed the R2 score test only for the plume
grid cells which have non-zero values in the reference maps from the numerical sim-
ulator, to demonstrate the significance of the difference. The R2 scores for the plume
area corresponding to Rs are 0.8616, 0.8226, and 0.7876 for MTLC, MTL, and STL,
respectively. Meanwhile, the R2 scores for Sg are 0.9574, 0.9401, and 0.9488, respec-
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Figure 4.8: Example 1: Snapshots of the Rs and Sg fields at several time instances
solved by DARSim and the corresponding R̂s and Ŝg predicted by the MTLC
model trained on 1200 samples, demonstrating the high accuracy of the
MTLC model in approximating the dynamic states of these fields.
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Figure 4.9: Example 2: Another set of snapshots of the Rs and Sg fields at several time
instances solved by DARSim and the corresponding R̂s and Ŝg predicted
by the MTLC model using 1200 training samples, further validating the
effectiveness of the MTLC model.
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tively. It is also observed that the performance of MTL for Rs is better than STL,
while that for Sg is worse than STL. This phenomenon proves that common hard pa-
rameter sharing scheme could compromise the performance of any task. In contrast,
the MTLC framework improves the performance of both tasks due to the consistency
constraints.
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(a) R2 scores for Sg

300 600 900 1200

Number of training samples

0.84

0.86

0.88

0.9

0.92

0.94

0.8969

0.8624

0.8366

0.9117

0.8951
0.8807
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0.9193
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0.9258

0.9079
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(b) R2 scores for Rs

Figure 4.10: (a) Comparison of the R2 scores for Sg for networks trained using different
methods (STL, MTL, MTLC) evaluated on 200 test samples with different
numbers of training samples. (b) Comparison of the R2 scores for Rs for
networks trained using different methods (STL, MTL, MTLC) evaluated
on 200 test samples with different numbers of training samples. These
show the relative performance of each method.

The evolutions of testing RMSE for three networks trained with 1200 training sam-
ples are shown in Figure 4.11. It is evident that the MTLC has a higher convergence
speed for Rs . We also observe that the results of MTLC outperform those of the other
models for both tasks.
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Figure 4.11: (a) The illustration of RMSE decay with the number of epochs for STL,
MTL, and MTLC on the task of predicting Sg using 1200 training samples.
(b) The illustration of RMSE decay with the number of epochs for STL,
MTL, and MTLC on the task of predicting Rs using 1200 training samples.
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In Figure 4.12, we present an example of the predictions in the test dataset at
600 days. The MTLC framework not only achieves the best performance compared
to STL and MTL, but also provides the more accurate positions of the Rs and Sg

fronts, making it a more reliable model for predicting CO2 saturation and CO2-brine
ratio in the context of CCS projects. The accuracy of the MTLC framework is fur-
ther quantified by calculating the quantities of injected CO2 trapped by dissolution
trapping and residual trapping for the test case shown in Figure 4.12. As depicted
in Figure 4.13, it is evident that the MTLC framework provides the most consistent
predictions for both dissolution and residual trapped CO2 quantities when compared
to the results from the numerical simulator. This highlights the effectiveness of the
MTLC framework for predicting CO2 trapping in CCS projects.

0

5

10

15

20

0

5

10

15

20

0

0.2

0.4

0.6

0

0.05

0.1

0.15

Figure 4.12: Testing results for the three models (STL, MTL, and MTLC) at 600 days.
The top and bottom rows present the absolute error with respect to the
reference, demonstrating the high accuracy of the MTLC model.

4.3.5. UNCERTAINTY MODELING

In this study, we compared the performance of three different network structures -
STL, MTL, and MTLC - in an uncertainty quantification task focused on estimating
Rs and Sg . Figure 4.14 displays the estimated distributions of 200 test permeability
realizations for each method at location (48 m, 100 m) after 600 days. The probability
density functions (PDFs) of Sg and Rs obtained using the MTLC framework were nearly
indistinguishable from those obtained using the numerical simulator. This result high-
lights the effectiveness of the MTLC model in handling uncertainty quantification tasks
within the CCS domain, demonstrating its potential for practical application in similar
contexts.
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Figure 4.13: (a) Comparison of dissolution trapping quantities as predicted by the nu-
merical simulator (reference - green lines) and three models - MTLC (red
lines), MTL (blue lines), and STL (yellow lines). (b) Comparison of resid-
ual trapping quantities between the numerical simulator and different
models. (c) Comparison of overall trapping quantities between the nu-
merical simulator and different models.
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Figure 4.14: (a) Probability density functions (PDF) of Sg at the specific location (48 m,
100 m) at 600 days, as estimated by numerical simulator and the three
model variations (STL, MTL, MTLC). (b) PDFs of Rs at the same location
and time point. These comparisons showcase how closely each model
can replicate the distributions as generated by the numerical simulator.
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The results presented in this study demonstrate that the proposed MTLC method
can provide accurate solutions for dynamic CCS simulation in heterogeneous saline
aquifers. Therefore, it is able to be regarded as a data augmentation technique, being
able to improve the accuracy of predictions with limited data.

4.4. CONCLUSIONS

This chapter presented a deep learning-based surrogate modeling strategy for simulat-
ing multiphase, multicomponent CO2 migration in deep saline aquifers, with a partic-
ular focus on improving predictive performance and generalization through multi-task
learning with consistency (MTLC). Following the fine-scale compositional flow for-
mulation and high-fidelity numerical simulations established in the previous chap-
ters, we designed an end-to-end surrogate framework that simultaneously predicts
key state variables, the CO2-brine solution ratio (Rs ) and gas phase saturation (Sg )
from heterogeneous permeability fields. These variables are of primary importance
for quantifying the amount of CO2 immobilized through dissolution and residual trap-
ping mechanisms, which are dominant under hydrodynamic conditions in geological
carbon storage.

The central innovation of this study lies in the integration of a multi-task learn-
ing paradigm with a cross-task consistency constraint, which leverages the inherent
physical coupling between Rs and Sg . Instead of treating each variable indepen-
dently, as in conventional single-task surrogate models, our MTLC approach enforces
coherence between multiple outputs, thereby regularizing the learning process and
improving generalization across unseen geological scenarios. The deep neural net-
work is constructed using an encoder-decoder architecture with residual connections
(ResNet blocks), which effectively captures spatial correlations within the input per-
meability fields and allows for high-resolution, time-dependent prediction of the tar-
get variables. The model is trained on simulation-generated data produced using a
compositional finite-volume solver, ensuring physical consistency and fidelity.

The numerical experiments validate the effectiveness of the MTLC model. Com-
pared with single-task baselines, the MTLC surrogate consistently yields lower pre-
diction errors and better preserves the temporal and spatial characteristics of Rs and
Sg fields across test cases. These include scenarios characterized by complex interac-
tions among gravitational forces, viscous flow dynamics, and heterogeneity-induced
preferential pathways. Moreover, the target variables reflect physically interrelated mi-
gration processes governed by the same permeability structure, the MTLC framework
improves sample efficiency, reduces the need for large labeled datasets, and enhances
extrapolative capability in data-scarce scenarios. Furthermore, the surrogate model
reduces computational costs by several orders of magnitude relative to conventional
fully implicit solvers, enabling efficient large-scale evaluations for uncertainty quan-
tification, sensitivity analysis, and optimization under geologic uncertainty.
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A PHYSICS-CONSTRAINED NEURAL

NETWORK FOR FULL-CYCLE

MIGRATION

The previous chapter presented a deep learning-based surrogate modeling framework
for simulating CO2 migration in deep saline aquifers. Specifically, a multi-task learning
approach was developed to predict both the solution CO2-brine ratio (Rs ) and gas sat-
uration (Sg ), which are critical for quantifying hydrodynamic trapping. By leveraging
correlations between these two state variables and training on high-fidelity simulation
data, the proposed MTLC model achieved improved prediction accuracy and substan-
tial computational speedup, demonstrating its potential for accelerating uncertainty
quantification and sensitivity analysis in geological CO2 storage.

Despite these advantages, the MTLC framework remains fundamentally pure data-
driven and does not explicitly encode the governing physics that regulate multiphase
flow in porous media. Moreover, it is constrained to make predictions at fixed train-
ing times steps and lacks the ability to generalize to future times. This limitation
restricts the model’s applicability in forward forecasting scenarios, which are essential
for evaluating long-term CO2 migration and storage security.

To address this gap, this chapter introduces a physics-constrained surrogate model-
ing approach that integrates the governing partial differential equations of mass con-
servation directly into the training of deep neural networks. We present CO2PCNet, a
physics-constrained neural network for CO2 storage during injection and post-injection
periods. Unlike conventional purely data-driven models, which may yield physi-
cally inconsistent results, especially when extrapolating beyond the training domain,
CO2PCNet embeds conservation laws as soft constraints in the loss function. This
integration helps guide the network to produce predictions that are not only data-
consistent but also follow the fundamental physics governing multiphase flow in
porous media.

Parts of this chapter have been published in the Advances in Water Resources, Vol. 193 (2024) [12].
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The architecture of CO2PCNet combines convolutional encoders for spatial feature
extraction from pressure and composition fields, a ConvLSTM module for modeling
temporal evolution, and a decoder for reconstructing dynamic spatial fields of inter-
est. Permeability heterogeneity is incorporated as a conditioning input, enabling the
network to adapt to varying geological structures. By embedding the physics directly
into the learning objective, the model achieves improved generalization and robust-
ness when extrapolating to time intervals and geological conditions beyond those
included in the training data.

This chapter therefore marks a further advancement in hybrid modeling strategies
for subsurface flow, transitioning from data-driven learning to physics-informed sur-
rogates [62]. The proposed CO2PCNet framework enhances both the interpretabil-
ity and reliability of deep learning in CO2 storage applications, complementing the
MTLC model by enabling time-resolved and physically consistent predictions across
a broader range of operational scenarios.

5.1. PROBLEM DEFINITION

We consider an isothermal, two-component (CO2-H2O), two-phase (wetting brine-
rich and non-wetting CO2-rich) flow in saline aquifers. The governing equations are
given in Chapter 2. In this chapter, the model is specialized by neglecting molecular
diffusion, i.e., the diffusive fluxes are set to zero (jc,α = 0), and only advective transport
driven by Darcy flow is included. The liquid phase pressure (Pl ) and the CO2 mass
fraction, zCO2 , serve as primary variables for the system.

High-fidelity reference solutions for the scenarios considered in this chapter are
generated using DARSim, a fully implicit finite-volume compositional simulator [145].

Given the significant influence of capillary pressure and the dissolution capability
of CO2 in brine, the mechanisms by which CO2 can be retained in saline aquifers
have been outlined by Metz (2005) [13]. In addition, we assume that CO2 from the
gas phase can dissolve in the liquid phase, but dissolution of brine in the gas phase
is neglected (i.e. the gas phase is assumed to contain only CO2).

5.1.1. DISSOLUTION

The solubility of CO2 in brine is influenced by pressure, temperature and water salin-
ity. For an isothermal system with a constant salinity, the CO2-brine solution ratio,
Rs , quantifies the amount of CO2 that can be dissolved per unit volume of brine.
Importantly, within each simulation cell, the potential quantity of dissolved CO2 is
constrained by the existing amount of CO2. This highlights the significance of dis-
cerning the number of active phases in the cell [121].

If a cell is in a two-phase state, the dissolved CO2 amount can be extracted from
a predefined CO2-brine solution ratio curve, which is calculated prior to simulation,
as shown in Figure 5.1A. Conversely, in an undersaturated state where only the liquid
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phase is present, Rs is determined using the mass fractions of the CO2 component,
i.e.,

Rs =
ρSTC

b zCO2

ρSTC
CO2

(1− zCO2 )
, (5.1)

where the subscript ‘b’ denotes brine, while the superscript ‘STC’ signifies properties
measured at standard conditions.

The density of the undersaturated aqueous phase is then updated using the solution-
ratio relation,

ρb =
ρSTC

b +Rs ρ
STC
CO2

Bb
, (5.2)

where Bb is the brine formation volume factor.

5.1.2. CAPILLARITY

Capillary pressure, which is defined as the pressure difference between the wetting
(liquid) and non-wetting (gas) phases, plays a crucial role in CO2 storage. The inter-
actions of these phases and the transport behavior of the matrix are governed by the
relative permeability and capillary pressure functions, which are fundamental for the
residual trapping mechanism. For example, rocks with low permeability and finer pore
radius tend to display elevated capillary pressures compared to their high-permeability
counterparts containing similar fluids. Such characteristics often result in CO2 accu-
mulating beneath structural and stratigraphic barriers at high saturations, especially
when buoyant forces fail to counteract the capillary pressure imposed by the narrow
pore throat of the caprock. In many sedimentary contexts, CO2 typically acts as the
non-wetting phase, while brine serves as the wetting phase. This interaction prompts
brine to infiltrate the diminishing boundary of the CO2 plume after injection [14].
Such capillary movements lead to the formation of discrete, immobile CO2 bubbles
and ganglia, representing the residual trapping process. The intricacies of this mech-
anism are shaped by the rock’s inherent pore structure and wettability. This study
utilized capillary pressure patterns through the Leverett J-function [146], as illustrated
in Figure 5.1B and Figure 5.1C.

5.2. MODEL ARCHITECTURE AND TRAINING FORMULATION

This section introduces the architecture and training formulation of the proposed
CO2PCNet model for simulating CO2 storage dynamics. To capture the spatial-temporal
evolution of state variables, the model integrates convolutional encoders, a ConvLSTM
module for temporal learning, and a decoder for reconstructing output sequences. An
auto-regressive strategy is used to enable multi-step forecasting beyond the training
time steps. The model architecture is further enhanced through conditioning on het-
erogeneous permeability fields and encoded physical state variables, ensuring spatial



5

56 5. A PHYSICS-CONSTRAINED NEURAL NETWORK FOR FULL-CYCLE MIGRATION

0 200 400
0

25
A

0 0.5 1
0

0.5

1
B

0 0.5 1
10

-2

10
-1

10
0

10
1

C

Figure 5.1: Setup of physical models. (A) Predicted solubilities of CO2 in brine at 60◦C.
(B) Relative permeability curves: primary drainage and imbibition curves
for both liquid and gas phases. Superscripts d and i represent drainage
and imbibition, respectively. A single-headed arrow denotes an irreversible
process along a given curve, while a double-headed arrow indicates re-
versibility. (C) Capillary pressure curves: primary drainage and imbibition
curves.

sensitivity to geologic variability. To enhance physical reliability, the training loss in-
corporates residual terms from the governing equations, ensuring that predicted states
are consistent with fundamental conservation principles.

5.2.1. CONVLSTM

The Convolutional Long Short-Term Memory (ConvLSTM) introduces a novel paradigm
in neural networks, specifically designed for modeling evolving long-term dependen-
cies [147]. By integrating the spatial characteristics of CNNs and the temporal ca-
pabilities of Long Short-Term Memory (LSTM) networks [148], ConvLSTM provides a
robust solution for multi-dimensional sequential data.

While LSTMs capture time-based patterns, they are less adept with spatial data. The
ConvLSTM addresses this by replacing traditional LSTM matrix operations with con-
volutional operations. This preserves spatial information, such as pixel arrangements,
while handling temporal sequences. Fundamentally, ConvLSTM employs memory
cells and a gated system to mitigate the vanishing gradient issue seen in standard
Recurrent Neural Networks (RNNs). Instead of fully-connected layers used in LSTMs,
ConvLSTM incorporates convolutional layers, enhancing its spatial data handling.

The ConvLSTM processes information through a combination of gates and cells. The
illustration is presented in Figure 5.2. Let the input tensor at time t be represented
as Xt . The corresponding hidden state and cell state at this time are ht and Ct ,
respectively. The forget gate ft , governed by a sigmoid activation function, determines
which segments of the previous memory should be retained or discarded. The input
gate it establishes the amount of new data that will be stored into the cell state, while
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Figure 5.2: Schematic Representation of a ConvLSTM Cell.

the internal cell C̃t , influenced by a hyperbolic tangent activation layer, represents
the potential new cell state. This works jointly with the input gate to finalize the
information flowing into the actual cell state. Lastly, the output gate ot derives the
subsequent hidden state based on the current cell state and input. Formally, the
ConvLSTM operations can be captured by the following equations

ft =σ(W f ∗ [ht−1,Xt ]+b f ),

it =σ(Wi ∗ [ht−1,Xt ]+bi ),

C̃t = tanh(Wc ∗ [ht−1,Xt ]+bc ),

Ct = ft ⊙Ct−1 + it ⊙ C̃t ,

ot =σ(Wo ∗ [ht−1,Xt ]+bo),

ht = ot ⊙ tanh(Ct ).

(5.3)

5.2.2. AUTO-REGRESSIVE MODEL FOR CCS

Understanding and forecasting the evolution of critical parameters, the overall mass
fraction zCO2 and the liquid phase pressure Pl , is important for optimizing storage
strategies and ensuring the safety and sustainability of the reservoir in the context
of CO2 storage. Due to the inherent complexity and non-linear dynamics present
in these physical processes, an auto-regressive (AR) model is employed in this work
[64]. This model, utilizing past system states to predict future states, offers a robust
methodology for providing consistent insights into their evolving states.

The model incorporates the temporal dependencies intrinsic to the CO2 storage
process, casting them into a predictive framework. Enhanced with neural network ca-
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pabilities, the AR model predicts the subsequent state at time t+1 using the state vari-
ables at time t . Given the initial state Y0 = [z0

CO2
,P 0

l ] and the static reservoir variables

K = [k1, ...,knk ], a sequence of dynamic variables rollout is computed as: [Ŷ1, ..., Ŷnt ].
Mathematically, the evolving states of the system can be represented as

Ŷ0 = Y0, (5.4)

Ŷt+1 =F (Ŷt ,K,θ), t ∈ 1, ...,nt . (5.5)

Here, Ŷt+1 represents the predicted state of the system at the next time step t + 1,
K is the static variables (i.e. the permeability fields), and F denotes the neural net-
work function with θ as its parameters. The formulation allows the neural network to
determine the mapping function F between the static variables and dynamic state
variables, facilitating the computation of the dynamic variables at new time steps.

In essence, this neural network operates as a time integrator, where the output of
each sequence is fed into the next layer as input, thereby functioning fundamentally
as an AR model.

5.2.3. NETWORK ARCHITECTURE: CO2PCNET

In order to develop robust and accurate modeling approaches for CO2 storage dy-
namics, the CO2PCNet architecture is formulated to learn the complex temporal and
spatial dependencies intrinsic to CO2 storage data sequences. This network consists of
three principal components: (1) the encoder, (2) the ConvLSTM, and (3) the decoder,
as illustrated in Figure 5.3.

Initially, the encoder, which includes three convolutional layers, adeptly compresses
the provided input into a low-dimensional latent space, thereby encapsulating the
spatial features crucial for accurate predictive modeling [49]. The Swish activation
function is employed for the convolutional layers to introduce non-linearity, fostering
more complex representations [149].

Following the encoding phase, the resultant spatial embeddings are channeled into
the ConvLSTM layer. This layer, characterized by its recurrent neural network struc-
ture, is designed to simultaneously decode spatial patterns and their temporal evolu-
tion.

Subsequently, the ConvLSTM layer’s outputs are transformed through an upsam-
pling operation, effectively reconstructing the low-resolution latent embeddings into
high-resolution predictive outputs [133]. Specifically, this decoder phase is a combi-
nation of upsampling and an additional convolution layer, consisting of three stages
to refine and project the latent space into detailed output predictions. Consequently,
the dynamic variables z t+1

CO2
, P t+1

l at time instant t +1 are concatenated with the static
variables, setting the stage for the inputs at the next time step, t + 2. The detailed
structures of the encoder and decoder blocks are depicted in Figure 5.4.

Incorporating an auto-regressive strategy within CO2PCNet, the network is designed
to ensure that each sequential prediction (t +1, t +2, . . .) is based on the information
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Figure 5.3: The network architecture of CO2PCNet.
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Figure 5.4: Schematic illustration of the Convolutional block and the upsampling con-
volutional block. Left: encoder structure; right: decoder structure.

of the preceding state. This approach effectively captures the evolving dynamics of
the system over time, allowing the network to adaptively refine its predictions based
on the continuously updated data. Consequently, this results in forecasts that are
progressively informed and accurate, as the model processes more data.

CO2PCNet employs a consistent architectural framework throughout all phases of
CO2 storage, from injection to post-injection. This approach ensures seamless tran-
sitions between simulation phases by using outputs from prior time steps as inputs
for subsequent predictions, thus maintaining a coherent and continuous flow of data
throughout the model’s operation.

The model’s capacity for iterative refinement, informed by its auto-regressive frame-
work, offers a robust alternative to traditional simulators for understanding CO2 stor-
age processes, particularly valuable for tasks such as uncertainty quantification and
history matching. Moreover, the integration of an encoder-decoder ConvLSTM within
this auto-regressive framework significantly enhances the functionality. This integra-
tion enables the efficient extraction and interpretation of spatial features while simul-
taneously monitoring their temporal development.

5.2.4. LOSS FUNCTION

Another critical aspect of CO2PCNet’s effectiveness lies in its ability to ensure that
predicted CO2 distributions conform closely to the fundamental physical laws gov-
erning subsurface flow processes. Our model incorporates these laws directly within
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its architecture and loss function to ensure that predictions not only match obser-
vational data but also align with physical principles. Therefore, we formulate a loss
function that guarantees the outputs of the neural network remain faithful to the
physical constraints inherent to the domain of interest.

The training strategy of CO2PCNet leverages an auto-regressive approach, which
processes sequential data by using the prediction from a current time step as the
input for the next, facilitating a dynamic modeling of temporal dependencies. This
design is important for calculating the discretized PDE residuals of equation (2.5),
which form an integral part of the physics-constrained term in our loss function.
By embedding these calculations within the network, CO2PCNet effectively captures
the dynamic behavior of CO2 plume evolution and pressure distribution across the
geological formation.

The total loss function, denoted as L , is composed of three primary elements: the
data mismatch term LData, the physics-constrained term LPDE, and the boundary
condition term LBC. It is worth noting that, regarding the initial conditions, the state
variables are known and thus, there is no specific term for initial conditions in our
loss function.

The data mismatch term LData measures the difference between the network pre-
dictions and the actual observed data. For our model, we utilize the mean absolute
error (MAE) of mass fraction and pressure fields, chosen due to its robustness. This
metric is widely used as a loss function

LData = 1

nt ns ng

nt∑
t=1

ns∑
i=1

ng∑
j=1

(∥(ẑCO2 )t
i , j − (zCO2 )t

i , j ∥1 +∥(P̂l )t
i , j − (Pl )t

i , j ∥1), (5.6)

where ns is the number of samples, and ng = 32× 128 = 4096 represents the num-
ber of grid blocks. The terms (ẑCO2 )t

i , j and (P̂l )t
i , j correspond to the predicted mass

fraction and pressure, respectively, for training sample i , within grid block j , at time
step t . (zCO2 )t

i , j and (Pl )t
i , j are the actual, or ground truth values of mass fraction and

pressure. This loss term ensures the output of the network is closely aligned with the
observed data, maintaining the accuracy of the model in capturing CO2 behavior. In
our auto-regressive model, errors at each timestep are calculated and influence the
total loss, leading to updates across the entire model. This setup ensures continuous
improvement through backpropagation, where early errors adjust model parameters,
enhancing predictions across the entire timeline. Thus, the model learns from dis-
crepancies at any point in the sequence, refining its performance iteratively to boost
overall accuracy throughout the learning process.

The physics-constrained term LPDE plays an important role in ensuring that pre-
dictions of CO2PCNet follow the fundamental physical laws governing the subsur-
face fluid dynamics. This term is defined as the residuals of the PDEs for the two-
component system involving CO2 and brine, ensuring that mass conservation is rep-
resented

LPDE = ∥R(zCO2 ,Pl ,Çt z,∇x Pl ,∇y Pl )∥1, (5.7)
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where R(·) represents the residuals of the mass conservation equations as specified
in equation (2.5), aiming for these residuals to approach zero to indicate physical
consistency. It encapsulates the mass conservation laws that are critical for modeling
flow in porous media.

Derivatives within the PDE constraints are enforced across the entire spatiotempo-
ral domain of our model to ensure that the temporal dynamics and spatial distribu-
tions adhere to the physical behavior. This is achieved by discretizing the domain
and applying differential equation constraints at each grid point. Specifically, spatial
derivatives are computed using finite difference schemes, which are essential for lo-
cal conservation laws. The discrete temporal derivatives are calculated between time
steps, capturing the dynamics of CO2 behavior over time. For instance, consider the
derivative of liquid pressure (Pl ) with respect to spatial coordinates, which can be
approximated by:

(
ÇP

Çx
)t

i+ 1
2 , j

=
2(P t

i+1, j −P t
i , j )

∆xi +∆xi+1
. (5.8)

The boundary condition term, LBC, is formulated to both constrain and penalize
deviations from the pre-defined boundary conditions, defined as:

LBC = ∥û −uBC∥1. (5.9)

The total loss function is a weighted sum of these three terms, i.e.,

L =ω1LData +ω2LPDE +ω3LBC. (5.10)

where ω1,ω2 and ω3 are hyperparameters that balance the influence of each term. The
choice of these values is critical and is typically determined through experimentation
to find the best model performance. In this work, equal weights are chosen for all
terms, thus maintaining a balanced contribution from each aspect of the loss function
to the overall learning process. Figure 5.5 illustrates the step-by-step process of our
physics enforcement algorithm.

5.3. NUMERICAL EXPERIMENTS AND RESULTS

This section conducts a numerical evaluation of the CO2PCNet model for simulating
multiphase, multicomponent CO2-brine flow in heterogeneous saline aquifers. The
objective is to assess the model’s predictive performance across a range of represen-
tative scenarios, including both in-sample and out-of-sample permeability fields. Par-
ticular emphasis is placed on the model’s ability to accurately forecast system states
beyond the temporal span of the training data, a critical requirement for post-injection
analysis and long-term migration prediction.
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Figure 5.5: Flowchart illustrating the physics enforcement mechanism in CO2PCNet.
The process ensures that each prediction adheres to established physical
laws, thereby enhancing the reliability and accuracy of the model outputs.

5.3.1. DATASET GENERATION

To facilitate the training and evaluation of the CO2PCNet in deep saline aquifers, a
2-D CCS simulation system is implemented. From the geological perspective, consid-
ering the important role of gravity in the CO2 trapping process, a 2-D representation
in the xz-plane is adopted, because gravity plays a significant role in the migration
and trapping of CO2 in saline aquifers. Aquifers are generally characterized by a lon-
gitudinal length compared to their cross-sectional width. Therefore, the dimensions
of our simulation domain are set to 128 m × 32 m in the xz-direction and the grid
is uniformly discretized into 1 m × 1 m cells. This setup effectively simulates the mi-
gration patterns of CO2 within a 2-D vertical cross-section of an aquifer, providing
a conceptual representation of its behavior in such geological contexts. It is worth
noting that the architecture of CO2PCNet is scalable and can be adapted to larger,
more realistic reservoir sizes as computational resources allow.

In order to mimic the geological formations for CO2 storage, a total 1200 perme-
ability realizations were generated using the Stanford Geostatistical Modeling Software
(SGeMS), an open-source tool for geostatistical modeling [142]. These permeability
fields, which are log-normally distributed with a mean lnK of 2.5 and a standard
deviation of 2, are shown in Figure 5.6, which illustrates three sample realizations.
The heterogeneity in permeability is critical for quantifying the impact of uncertain
reservoir properties. By incorporating a wide range of permeability scenarios, our
simulation framework allows for a detailed analysis of CO2 migration and trapping
behaviors under varying geological permeability conditions.

For the simulation settings, the initial pressure is set at 2.5×107 Pa, with a constant
temperature of 300 K. No flow boundary conditions are applied to all sides of the
aquifer. CO2 is injected at a consistent rate of 1×10−4 pore volumes per day along
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Figure 5.6: Three cases of heterogeneous permeability realizations.

the entire left boundary, with a production well placed along the entire right boundary
[18, 150]. The planned simulation duration is 2520 days, including a 600 days injec-
tion phase followed by a 1920 days post-injection phase. The total period is evenly
divided into 21 intervals, with each lasting 120 days. The forward simulations are
performed using DARSim, and Table 5.1 presents the physical parameters and config-
urations utilized in the DARSim numerical simulation. Our model, which addresses
the complex dynamics of multi-component, multi-phase interactions involved in CO2

storage in deep saline aquifers, employs a mass-conservative numerical formulation
for extrapolating to future time periods.

Table 5.1: Physical Parameters and Simulation Setup for the DARSim Numerical Sim-
ulation.

Parameter Value Unit
Aquifer length 128 m
Aquifer height 32 m
Porosity 0.2 -
CO2 injection rate 1×10−4 pore volumes per day
Initial pressure 2.5×107 Pa
Bottom hole pressure 2.5×107 Pa
Temperature (isothermal) 300 K
CO2 density at STC 1.98 kg/m3

Brine density at STC 1060 kg/m3

Brine salinity 1×105 parts per million

5.3.2. BASELINE MODEL SETUP

The baseline model is trained using neural architectures similar to those employed in
our proposed CO2PCNet to ensure a fair comparison. We mainly compare the solution
snapshots between CO2PCNet, our physics-constrained network, and CO2Net, which
operates without the incorporation of physics constraints. This comparison aims to
discern the impact and efficacy of integrating physical laws directly into the neural
network’s learning process.

For the setup of neural networks, the encoder of the network features three convo-
lutional layers with channel sizes of 16, 32, and 128 units, using 3 × 3 kernels. The
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strides for these layers are set to 2, 1, and 2, respectively, facilitating spatial downsam-
pling and feature extraction. Following the encoder, the network employs a ConvLSTM
layer with 128 hidden units, designed to process temporal information using 3 × 3
kernels and a stride of 1. The decoder, tasked with reconstructing the output, mirrors
this approach using similar kernels and strides for upsampling.

CO2PCNet and CO2Net are trained with data from the first 15 time steps, encom-
passing 1800 days. The models are trained on 1000 permeability realizations over the
first 15 time steps (1800 days), and evaluated on 200 unseen permeability fields for
the remaining 6 steps (720 days). During this evaluation phase, a uniform set of 200
permeability fields is employed, ensuring a consistent framework for forecasting. No-
tably, to standardize the data, min-max normalization is applied to the output values.
The network model employs the adaptive moment estimation (Adam) optimizer for
training, starting with an initial learning rate of 0.001 [144]. The network is trained
for 1000 epochs, and the minibatch size is 20. In our experiments, the training time
for CO2PCNet was around 8 hours, while CO2Net required approximately 6.5 hours.
This additional training duration for CO2PCNet is primarily due to the integration of
physical constraints into the learning process.

In the context of CO2 storage in deep saline aquifers, two essential parameters -
Rs and Sg , representing CO2 solubility in liquid and gas saturation, respectively, are
calculated from the predicted mass fraction zCO2 and pressure Pl . These predictions
are also compared to the ground truth to assess the model’s accuracy in simulating
CO2 distribution and behavior in these complex geological formations.

5.3.3. EVALUATION METRICS

Quantifying the relative errors in CO2PCNet predictions for zCO2 and Pl is essential
for evaluating the model’s accuracy. The relative error for the mass fraction at a given
time step t , denoted δt

z , across ns = 200 test samples, is calculated as

δt
z =

1

ns ng

ns∑
i=1

ng∑
j=1

|(ẑCO2 )t
i , j − (zCO2 )t

i , j |
(zCO2 )t

i ,max − (zCO2 )t
i ,min

, (5.11)

where (ẑCO2 )t
i , j and (zCO2 )t

i , j represent the predicted and ground truth mass fractions

for test sample i at grid block j and time step t , respectively. The normalization factor,
(zCO2 )t

i ,max − (zCO2 )t
i ,min, is the difference between the maximum and minimum grid-

block mass fraction values for sample i at time step t . The relative error in pressure
predictions is computed similarly:

δt
P = 1

ns ng

ns∑
i=1

ng∑
j=1

|(P̂l )t
i , j − (Pl )t

i , j |
(Pl )t

i ,max − (Pl )t
i ,min

. (5.12)

To obtain a comprehensive view of the model’s performance over time, the overall
relative mass fraction and pressure errors across nt time steps, denoted δz and δz ,
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are calculated as

δz = 1

nt

nt∑
t=1

δt
z , (5.13)

δP = 1

nt

nt∑
t=1

δt
P . (5.14)

These metrics are employed to evaluate the performance of the proposed network
model under various scenarios, offering insights into both accuracy and generaliza-
tion.

5.3.4. FORECASTING FUTURE RESPONSES

In this case, we first evaluate the performance of CO2PCNet and CO2Net in forecasting
CO2 behavior beyond the training period. Figure 5.7 and 5.8 present a comparison
between the CO2PCNet’s predictions of the mass fraction (zCO2 ) and the liquid pressure
(Pl ) for Permeability #1 (shown in Figure 5.6). The results are compared with the high-
fidelity simulation results and the baseline algorithm CO2Net at four snapshots (t =
600, 1320 days in the training period, t = 1920, 2520 days beyond the training period).
Below each prediction, the mean relative absolute errors δz and δP are reported below
each prediction. These snapshots capture the transition from training phase to the
predictive phase, where the model’s generalization capability is evaluated against the
system’s evolving complexity.

Upon CO2 injection into the saline aquifer, the CO2 starts to displace the existing
brine within the porous media. The CO2 tends to rise due to its lower density relative
to the brine. This migration is governed by a complex interplay of gravity, capillary
pressure, and the permeability of the rock. Simultaneously, as CO2 dissolves in the
brine, it increases the density of brine, causing it to descend and thereby promoting
further dispersion of CO2. The pressure distribution observed during the injection
phase is typically higher near the injection site, gradually decreasing outward as CO2

displaces the brine and the system approaches pressure equilibrium. Following injec-
tion, the pressure profile demonstrates a gradual decrease to reach a new equilibrium.

Both models exhibit close alignment with the high-fidelity simulations during the
training phase, demonstrating their capability to accurately learn and replicate the
dynamics of CO2 distribution. However, as the model progresses into the extrapola-
tion phase, a distinct divergence becomes apparent. CO2PCNet’s predictions preserve
a more consistent accuracy, reflected in the tighter error distributions as time ad-
vances. In contrast, the errors from CO2Net, particularly for Pl predictions, appear
to grow, which suggests that the integration of physics constraints in CO2PCNet plays
a significant role in ensuring the consistency and accuracy over longer prediction
intervals. Although relative error margins naturally widen as the model projects fur-
ther into the future, CO2PCNet’s outputs remain reasonably accurate, staying within
acceptable error margins. Additionally, it is worth noting that the relative errors in
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Figure 5.7: Temporal evolution of zCO2 . Numerical simulations (first row), CO2PCNet
predictions (second row), and CO2Net predictions (third row) are com-
pared at four time steps. Relative errors for CO2PCNet (fourth row) and
CO2Net (fifth row) are depicted. The left two columns show results within
the training period, while the right two columns represent extrapolations.
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pressure predictions are distributed across the entire domain due to the elliptic nature
of the pressure variable.

To assess the model performance at the final time step, Figure 5.9 provides an
insightful comparison of the predictions from CO2PCNet and CO2Net against the ref-
erence simulations. CO2PCNet’s predictions for both zCO2 and Pl closely align with
the reference values, forming a dense cluster around the line of perfect agreement.
This indicates high predictive accuracy and a strong correlation between the predicted
and actual values. CO2Net, while still maintaining a reasonable correlation for zCO2 ,
predictions for Pl show a more significant deviation, indicating a less precise match
to the reference data.
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Figure 5.9: Scatter plots of Predictions vs. Reference Values at 2520 days: (a) zCO2

and (b) Pl . Predictions by CO2PCNet are on the left, while CO2Net’s are
on the right, each plotted against the high-fidelity simulation reference.
Each point represents a predicted value plotted against its corresponding
reference value, with the line of perfect agreement shown as a dashed line
for reference.
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5.3.5. FORECASTING FUTURE RESPONSES WITH NEW PERMEABILITY

FIELDS

In this subsection, the CO2PCNet model is further tested by predicting CO2 behavior
during both active injection and post-injection phases in scenarios with new perme-
ability fields not encountered during training. This generalization capability is crit-
ically important for the applications of neural network models as surrogate models
in the context of uncertainty quantification, where the model is required to make
accurate predictions for various permeability maps.

Figures 5.10 and 5.11 compare the predictions from CO2PCNet with those from
CO2Net and high-fidelity numerical simulation results for key variables at the pre-
diction time of 2520 days. The comparisons are made for two distinct permeability
scenarios, labeled as Permeability #2 and Permeability #3, which are shown in Fig-
ure 5.6. Notably, Rs and Sg are derived from zCO2 and Pl . The mean relative errors
for zCO2 are 0.74% and 0.67% for the first and second test cases, respectively. For
Pl , CO2PCNet presents mean errors of 4.01% and 2.92%, suggesting high fidelity in
its predictions. In contrast, CO2Net produces larger errors, especially for Pl , where
discrepancies increase significantly (δP = 13.91% and 9.57%). Despite encountering
some isolated high values due to the response discontinuity, mainly in Rs , which is
an intrinsic characteristic of complex systems, the CO2PCNet model still maintains
robust performance.
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Figure 5.10: Test case 1: Predictions of zCO2 , liquid pressure Pl in pascals (Pa), Rs and
Sg at 2520 days. The top row represents the numerical simulation ‘Truth’,
followed by CO2PCNet and CO2Net predictions. The bottom two rows
quantify the relative errors for CO2PCNet and CO2Net, respectively.
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Figure 5.11: Test case 2: Predictions of zCO2 , liquid pressure Pl in pascals (Pa), Rs and
Sg at 2520 days. The top row represents the numerical simulation ‘Truth’,
followed by CO2PCNet and CO2Net predictions. The bottom two rows
quantify the relative errors for CO2PCNet and CO2Net, respectively.

Figure 5.12 illustrates the mean relative error trends (equations (5.13) and (5.14))
of CO2PCNet and CO2Net over a period of 2520 days. The figure presents evaluation
metrics for two individual test cases and results across 200 test cases, providing a per-
spective on the accuracy of each model in predicting key variables of CO2 sequestra-
tion. In all test cases, CO2Net can provide satisfactory short-term forecasts. However,
CO2PCNet consistently achieves lower mean relative errors for both CO2 mass fraction
(δz ) and liquid pressure (δP ) compared to CO2Net, reflecting its excellent predictive
accuracy.

A statistical comparison of residuals of PDEs, reflecting the mass conservation for
CO2 and brine over time as predicted by CO2PCNet and CO2Net across 20 random
test cases is presented in Figure 5.13. CO2PCNet’s performance is distinguished by a
narrow range of residuals, with medians around 10−5 for both CO2 and brine, demon-
strating its consistent precision and adherence to conservation principles. In contrast,
CO2Net produces a wider residual distribution, with median values typically in the
10−4 range, suggesting a less precise agreement with mass conservation laws.

5.3.6. PERFORMANCE COMPARISONS

In this section, we evaluate CO2PCNet’s performance against the Auto-regressive Encoder-
Decoder (AR-ED), a commonly utilized neural network framework in related studies
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Figure 5.12: Mean relative error trends for CO2PCNet and CO2Net over a period of
2520 days across two test cases and all 200 test cases. The vertical dashed
lines represent the stop of CO2 injection.
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Figure 5.13: Residual analysis for two components CO2 and brine (equation (2.5)) for
20 random test cases.
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[151]. Although AR-ED shares a foundational architecture and physics constraints with
CO2PCNet, it does not incorporate the ConvLSTM component, a crucial element of
CO2PCNet that enriches its ability to process and predict temporal sequences within
spatial contexts.

In Figure 5.14 and 5.15, we evaluate the predictive performance of both models
against reference values for a random test case at 2520 days, as well as their accu-
mulated error evolution over a period of 2520 days. CO2PCNet’s predictions (in red)
demonstrate a high degree of fidelity to the reference data, aligning closely with the
ideal prediction line. This is quantitatively supported by a coefficient of determina-
tion (R2) of 0.9944 for zCO2 predictions. In contrast, AR-ED achieves an R2 of 0.9793,
signifying a slightly lower correlation with the simulation data.
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Figure 5.14: Scatter plots of predictions vs. reference values at 2520 days: (a) zCO2

and (b) Pl . CO2PCNet predictions are shown in red (left), and AR-ED
predictions in yellow (right). The dashed gray lines represent perfect pre-
dictions, and the blue dashed lines indicate a ±10% error range around
the perfect predictions.
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Figure 5.15: Mean relative error trends for CO2PCNet and AR-ED over a period of
2520 days in a test case. The vertical dashed lines represent the stop of
CO2 injection.

5.4. DISCUSSIONS AND CONCLUSIONS

In this chapter, we proposed and investigated CO2PCNet, a physics-constrained neu-
ral network framework designed for simulating CO2 injection and migration in deep
saline aquifers. By explicitly incorporating the governing partial differential equa-
tions for mass conservation into the loss function, CO2PCNet bridges the gap be-
tween purely data-driven surrogate models and physics-based numerical solvers. The
network architecture integrates convolutional encoders, ConvLSTM modules, and a
decoder to capture the spatiotemporal dynamics of state variables, while respecting
the physical constraints governing multiphase flow in heterogeneous porous media.

Through a series of numerical experiments, we have demonstrated that CO2PCNet
provides accurate and stable predictions of key state variables, including overall mass
fraction (zCO2 ) and liquid pressure (Pl ) during both injection and post-injection peri-
ods. Compared with purely data-driven models, CO2PCNet exhibits improved robust-
ness, particularly in extrapolating to future time steps and to geological realizations
not seen during training. Importantly, its performance advantage is most pronounced
in long-term forecasting tasks, where baseline models tend to accumulate error or
produce physically inconsistent results. These findings underscore the benefits of
embedding conservation laws directly into the learning objective, rather than relying
solely on observed data correlations.

In contrast to earlier deep learning frameworks that predict state variables at fixed
time steps, CO2PCNet enables recursive prediction across the full simulation period.
This autoregressive structure, supported by the ConvLSTM component, equips the
model with the capacity to capture long-term dependencies and sequential dynamics
that are critical in geologic CO2 storage modeling.

From a broader perspective, this work highlights the promise of hybrid approaches
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that leverage the strengths of both physics-based modeling and machine learning.
CO2PCNet offers a computationally efficient and physically consistent alternative to
conventional simulators, with implications for uncertainty quantification, optimiza-
tion, and monitoring design in large-scale CCS projects. It also opens new oppor-
tunities for incorporating additional physical processes into future surrogate model
designs, such as thermal effects, geomechanics, or reactive transport.



6
ADM METHOD FOR CO2 STORAGE

The previous chapter introduced a physics-constrained neural network framework
that integrates the governing equations into deep learning architectures to simulate
CO2 injection and post-injection dynamics. Although neural surrogates achieve sig-
nificant computational acceleration and generalization capabilities, their predictive
performance remains fundamentally bounded by the representativeness and scope of
the training data. In particular, high-resolution simulation of CO2 plume dynamics
under complex geological conditions still requires computational frameworks that can
efficiently resolve fine-scale heterogeneities without incurring prohibitive costs. This
limitation is especially critical in the context of long-term CO2 storage, where inter-
actions among buoyancy forces, capillary effects, and compositional gradients evolve
over a wide range of spatial and temporal scales.

In this chapter, we explore an alternative simulation strategy based on the Algebraic
Dynamic Multilevel (ADM) method. ADM is specifically designed for compositional
multiphase flow in heterogeneous saline aquifers, coupling a fully implicit numerical
formulation with an adaptive grid hierarchy. Local grid resolution is guided by a
front-tracking criterion applied to the gradients of overall component compositions,
ensuring enhanced resolution in regions where sharp composition changes occur. By
constructing localized multiscale basis functions over a hierarchy of coarse and fine
grids, the method effectively captures essential physical processes while preserving
computational efficiency. The use of algebraic prolongation and restriction operators
enables a consistent projection of primary variables across grid levels, supporting
dynamic adjustment of grid resolution throughout the simulation.

By applying ADM to a range of benchmark and synthetic aquifer scenarios, this
chapter demonstrates its ability to deliver physically accurate solutions with reduced
computational cost compared to globally refined discretizations. These results un-
derscore the ADM method’s suitability for large-scale, long-term CO2 sequestration
modeling, where both numerical efficiency and fidelity to complex flow behavior are
essential.

Parts of this chapter have been published in the Journal of Computational Physics, Vol. 539 (2025)
[152].
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6.1. FINE-SCALE SOLVER SETTINGS

This section specifies the fine-scale compositional simulator used as the reference
model for the multilevel strategies. The general governing equations, thermodynamic
equilibrium, and the overall-composition Newton framework have been introduced
in Chapter 2 and 3. Here we focus on the fine-scale implementation details that are
essential for reproducing the reference solutions.

Molecular diffusion is included in the fine-scale reference model through a Fick’s
flux with prescribed mutual diffusion coefficients Dc,α. In addition, the impact of
mutual solubility on the density of brine is evaluated using:

1

ρw (pw ,T, xCO2 ,w )
= 1−xCO2 ,w

ρw (pw ,T )
+ xCO2 ,w

ρn ,φ (T )
, (6.1)

and

ρn ,φ=
MCO2

10−6 · (37.51−9.585×10−2T +8.74×10−4T 2 −5.044×10−7T 3)
, (6.2)

where T is the temperature in Celsius, and MCO2 is the molar weight of CO2. ρn,φ

refers to the apparent density of CO2 dissolved in water [122]. The densities of the
CO2-rich phase and the H2O-rich phase, spanning conditions from the surface to the
reservoir, are illustrated in Figure 6.1. The density of the gas phase is unaffected by
changes in composition. However, changes in phase composition significantly impact
the density of H2O, which in turn influences the migration path of the CO2 plume.
As depicted in Figure 6.1(b), the solid line represents the density curve at a CO2 mass
fraction of 0.05 under corresponding pressures, with the shaded background indicating
density variations from a CO2 mass fraction of 0 to 0.1. This variation in density due
to CO2 solubility in water is a critical factor driving gravity-induced currents, leading
to the formation of fingering patterns that significantly contribute to CO2 trapping
through dissolution.

During Newton iterations, because the overall-composition approach tracks the
overall mass fraction of CO2, phase partitioning is determined by thermodynamic
equilibrium constraints. If a cell is predicted to be single-phase, certain elements in
the Jacobian vanish, simplifying the local flow equations. Conversely, if two phases
coexist, the flash calculation accurately allocates the CO2 between the wetting and
non-wetting phases. In this way, the Jacobian automatically accommodates changes
in phase presence. Then, the linear system is solved iteratively until the convergence
criteria (small changes in pressure and overall mass fraction, or sufficiently low resid-
ual norms) are met. In this work, a residual tolerance of 10−5 and a solution update
tolerance of 10−4 are used. Furthermore, the initial and maximum time-step sizes are
specified by the user. During the FIM simulation, if the number of Newton iterations
exceeds I tmax, the time-step size is halved and the system solved again. A maximum
of 10 time-step chops is allowed.
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Figure 6.1: Density variations in CO2-rich and H2O-rich phases under different con-
ditions.

6.2. ADM METHOD FOR CO2 STORAGE

The ADM enhances computational efficiency in CO2 storage simulations by dynam-
ically adjusting grid resolutions in response to evolving flow characteristics, such as
the sharp CO2 fronts and well boundaries. This strategy allows for manageable sim-
ulations while preserving the fine-scale details accurately.

6.2.1. ADAPTIVE SELECTION OF MULTILEVEL GRIDS

A key feature of ADM is its ability to refine or coarsen the grid at each time step
according to a predefined front-tracking criterion. The physical domain is initially
discretized into a fine-scale mesh with N f = N f x×N f y×N f z cells, sufficiently refined to
capture key CO2-brine interactions. Although this fully resolved grid can represent the
dynamics in detail, running a fully implicit solver across all cells would be impractical
for large-scale reservoirs. To address this, ADM constructs a hierarchical series of up
to nl coarser grids, with l = 0 denoting the finest mesh and higher l corresponding to
progressively coarser resolutions. At grid level l , there are Nl = Nl x ×Nl y ×Nl z control

volumes, and the coarsening ratio γl is defined as:

γl = (
γl

x ,γl
y ,γl

z

)= ( N l−1
x

N l
x

,
N l−1

y

N l
y

,
N l−1

z

N l
z

)
, (6.3)

with each γ indicating how many fine cells are grouped into one coarse block in the
corresponding spatial direction. To maintain smooth transitions, the level difference
between neighboring cells is limited to one, preventing sudden changes in resolution
that might degrade solution quality.

ADM focuses computational resources on cells that exhibit steep gradients in the
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primary unknown zCO2 . Specifically, at each time step t , the grid for the next time
step t +1 is selected based on the solution at time step t . The strategy compares the
maximum difference in zCO2 between two neighboring coarse blocks ΩI

l and ΩJ
l at

coarse level l . Let i and j index the fine-scale cells belonging to the coarse control
volumes ΩI

l and ΩJ
l , respectively. The maximum difference is calculated as:

∆zI ,J = max
i∈ΩI

l , j∈ΩJ
l

∣∣zi − z j
∣∣. (6.4)

If ∆zI ,J for any neighboring coarse block exceeds a specified tolerance, the block I
is refined from coarse level l to (l −1). Cells surrounding injection wells also remain
at the finest resolution to ensure accurate calculations where fluxes are greatest.

6.2.2. SOLUTION STRATEGY

In ADM, the fully-implicit system on the fine grid is transformed to a selected coarser
level l by restriction and prolongation operators:

R̂l−1
l · · · R̂0

1JP̂1
0 · · · P̂l

l−1︸ ︷︷ ︸
JADM

δξADM
l =− R̂l−1

l · · · R̂0
1r f︸ ︷︷ ︸

rADM

, (6.5)

where J and r f are the Jacobian matrix and residual vector at the fine scale, respec-

tively, and δξADM
l is the solution at grid level l . Restriction operators R̂l−1

l map residu-
als of governing equations from level l −1 to level l , while the prolongation operators
P̂l

l−1 interpolate the solution in the reverse direction. Both R and P are block-diagonal
matrices:

Rl−1
l =

(
(Rp )l−1

l 0
0 (Rz )l−1

l

)
Nl×Nl−1

, (6.6)

and

Pl
l−1 =

(
(Pp )l

l−1 0
0 (Pz )l

l−1

)
Nl−1×Nl

. (6.7)

Here, the subscript p and z denote the pressure and overall mass fraction sub-blocks,
respectively. The same finite-volume restriction operator is typically applied to both
variables to ensure the local mass balance, meaning (Rp )l−1

l = (Rz )l−1
l . Specifically,

each entry of the restriction operator (Rp )l−1
l is either 1 or 0:

(Rp )l−1
l (i , j ) =

{
1 if cell j is inside coarser cell i ,

0 otherwise.
(6.8)

Once the grid hierarchy is established, sequential application of restriction and pro-
longation transforms the fine-scale FIM system into an ADM system at level l . Solving
this coarser system and then prolonging the solution back to the fine grid provides
an approximation to the fully resolved solution. This process significantly reduces
computational costs compared to solving the original fine-scale system in all cells.
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In this work, the linear systems are solved using a direct solver. The final step in-
volves recovering the fine-scale solution δξ f by iteratively applying all prolongation
operators:

δξ f ≈ δξ′f = P̂1
f . . . P̂l

l−1δξ
ADM
l . (6.9)

6.2.3. BASIS FUNCTIONS

An important element of accurate ADM simulations is constructing basis functions for
pressure and overall mass fraction that can capture fine-scale geological heterogeneity.
In this work, constant interpolation is used as the prolongation operator for hyperbolic
variables, while multiscale basis functions [153] are employed for pressure to account
for variations in transmissibility. The multiscale finite volume approach consists of
two sets of overlapping coarse grids, primal and dual coarse grids, superimposed on
the fine grid, as illustrated in Figure 6.2. The primal coarse grid comprises NC control
volumes, denoted as ΩC

i with i ∈ {1, . . . , NC }, while the dual coarse grid consists of ND

local domains ΩD
j . Multiscale basis functions for pressure are generated by solving a

localized numerical problem defined independently within each dual coarse domain
ΩD

j .

Specifically, to localize the flow computation, a reduced boundary condition is im-
plemented for each dual coarse domain, leading to the following localized problem
formulation: 

−∇·
(
λ ·∇Φk

j

)
= 0 on ΩD

j ,

−∇∥ ·
(
λ ·∇Φk

j

)
∥ = 0 on ÇΩD

j ,

Φk
j (xi ) = δki ∀xi ∈ {1, . . . , NC }.

(6.10)

Here, λ is the mobility, Φk
j denotes the basis function associated with coarse node k

in dual coarse block ΩD
j , and δki is the Kronecker delta. The subscript ∥ indicates the

only the component parallel to the boundary ÇΩD
j is considered. As shown in Fig-

ure 6.3, a multiscale pressure basis function is generated by solving localized pressure
equations within each coarse block, thereby incorporating the influence of fine-scale
transmissibility contrasts.

Figure 6.4 provides a schematic overview of how the ADM method is applied to CO2

storage. Starting from a fully resolved fine grid, the solver identifies regions of steep
solution gradient at each time step using a front-tracking technique and a prede-
fined threshold. Cells with high gradient subdomains remain at fine resolution, along
with areas near wells to preserve accuracy. Elsewhere, the domain is discretized at
progressively coarser levels, forming a hierarchy of nested grids. Restriction and pro-
longation operators transfer unknowns and residuals between these levels, enabling
an efficient coarse-scale solve before interpolating the solution back to the fine grid.
A Newton linearization scheme is employed to iteratively resolve nonlinearities. With
this dynamic approach, ADM naturally adapts to evolving CO2 fronts, capturing the
key plume dynamics while optimizing computational resources.
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Figure 6.2: Illustration of primal (bold black) and dual (dashed blue) coarse grids at
the first coarse level. Fine cells associated with a primal coarse grid (control
volume) are shown in green, while those belonging to a dual coarse grid
are highlighted in light orange. Coarse nodes are marked in red.

Figure 6.3: Examples of multiscale and constant basis functions for pressure and over-
all mass fraction in a 2D heterogeneous reservoir.
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Figure 6.4: Schematic overview of the fine-scale and ADM process for CO2 storage in
deep saline aquifers. (“FS” = fine scale).

6.3. NUMERICAL RESULTS

This section presents a series of numerical results, including a benchmark study, to
illustrate the performance of the proposed method. We begin by validating the ADM
approach on a two-dimensional synthetic model, then proceed to more complex sce-
narios to assess the accuracy and efficiency of our framework.

To quantify accuracy for the hyperbolic variables (i.e., xCO2 and zCO2 ), the error
metric at each time step t is defined as:

ϵx (t ) = |xCO2 (t )−xCO2, f (t )|
N f

, (6.11)

where xCO2, f is the fine-scale CO2 mass fraction distribution, and N f is the total
number of fine cells at time step t . For pressure, we define:

ϵP (t ) =

√
1

N f

∑N f

i=1(P i
w (t )−P i

w, f (t ))2

Pbc
, (6.12)

where Pw, f denotes the fine-scale wetting-phase pressure solution and Pbc is a char-
acteristic pressure scale (for instance, a boundary condition value). The average errors
over the entire simulation periods are computed as:

ϵx = mean(ϵx (t )), (6.13)

ϵP = mean(ϵP (t )). (6.14)
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6.3.1. TEST CASE 1: VALIDATION OF ADM

To validate the ADM method, we analyze a 2D synthetic model in the x−z plane, which
is specifically designed to study both convective mixing and dissolution trapping of
CO2 [154]. The domain extends 100 m horizontally and 50 m vertically, incorporating
a static capillary transition zone (CTZ) in the upper 10 m. Within this CTZ, the model
maintains a constant CO2 solubility at xCO2 = 0.03, facilitated by large pore volumes.
The simulation employs fixed K-values governing the phase partitioning of CO2 and
H2O. A small amount of water, quantified at yH2O = 1.0× 10−4, vaporizes into the
CO2-rich phase, ensuring that the domain primarily consists of a single-phase brine
region.

The domain is discretized into a grid of 500 by 250 cells, with each cell measuring
0.2 m × 0.2 m. A diffusion coefficient of 2× 10−9 m2/s applies to both components
in both phases. The permeability of rock is set at 100 mD, with a porosity of 0.15.
Additional model parameters are consistent with those used in Elenius et al. (2015)
[19]. For model validation, simulations are conducted using both fine-scale and ADM
strategies, with the ADM model incorporating two coarse levels, each with a coarsen-
ing factor of γ= 5×5. The coarsening criterion based on ∆zCO2 differences between
neighboring cells is set at thresholds of {5×10−3,10−3,5×10−4,10−4}. Both the fine-
scale and ADM simulations use the same nonlinear solver tolerances, and the total
simulation time is 2000 years. The initial time-step size is set to 0.1 day, and the
maximum time-step size is limited to 10 days throughout the simulation.

To quantify the convective mixing, the dissolution rates are calculated, defined as
the mass rate of CO2 transitioning into the single-phase brine region:

F = hφ
ÇxCO2

Çt
, (6.15)

where h and xCO2 are the thickness and the average CO2 concentration of the single-
phase brine region, respectively. Figure 6.5 illustrates the dissolution rate over 2000
years. Initially, there is an increase due to the formation of fingering plumes of dis-
solved CO2 which propagate and enhances mass transfer. Around tpeel = 350 years,
the rate transitions toward a shut-down regime, decaying with approximately a 1/t 2

slope due to the merging of the plumes at the aquifer bottom, reducing the driv-
ing force for further dissolution. The behavior of our simulation aligns well with the
previous and analytical studies.

We also evaluate the sensitivity of ADM to various refinement criteria, ∆zCO2 . Lower
thresholds provide finer local resolution in regions with steep composition differences,
enhancing the accuracy of convective flow capture. Notably, at the lowest threshold
(∆z = 10−4), the ADM solution curve nearly overlaps with the fully resolved fine-scale
reference. Conversely, higher thresholds save computational effort but may overlook
some flow details.

Figure 6.6 compares the CO2 mass fraction profiles after 350 years for the fine-scale
solution and the four ADM configurations, while Figure 6.7 presents the error curves
over time (left) and the percentage of active grid cells (AGC) in the ADM simulations
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Figure 6.5: Dissolution rate over 2000 years in a 100×50 m domain with a stagnant
CTZ.

(right). It is worth noting that lower ∆zCO2 thresholds produce closer agreement with
the fine-scale solution but require more active grid cells, reflecting a trade-off be-
tween computational efficiency and model accuracy. At a threshold of 10−3, the ADM
achieves good accuracy while conserving computational resources compared to the
fully resolved grid. In this case, the AGC approaches 100% after approximately 200
years, reflecting the fact that the simulation is configured to fully capture the onset
and evolution of gravity-driven spreading and convective mixing processes.

(a) Fine-Scale

(e) Δz = 1×10-4, ε = 0.018‰, AGC = 100%  

(c) Δz = 1×10-3, ε  = 0.413‰, AGC = 91%  (b) Δz = 5×10-3, ε = 2.567‰, AGC = 33%  

(d) Δz = 5×10-4, ε = 0.103‰, AGC = 99%  

Figure 6.6: CO2 mass fraction profiles at 350 years. Fine-scale reference is shown
alongside ADM solutions at ∆z = {5×10−3,10−3,5×10−4,10−4}. The overlaid
grid lines show the first and second levels of coarsening.
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Figure 6.7: CO2 mass fraction errors (left) and percentage of active grid cells (right)
over time for different threshold settings, illustrating the precision-
efficiency balance.

6.3.2. TEST CASE 2: SCALABILITY EVALUATION IN 3D AQUIFERS

This test case investigates the scalability and efficiency of the ADM method in three-
dimensional homogeneous aquifers of varying sizes. First, we consider a 100 m × 28 m
× 19 m homogeneous reservoir with uniform porosity φ= 0.2 and absolute permeabil-
ity k = 8.0 ×10−14 m2. Initial pressure is set at 2.5 × 107 Pa and the temperature is
maintained at 65°C. The simulation setup includes an injection well at the lower-left
corner with a rate of 4.0 × 10−5 pore volume per day and a production well at the
upper-right corner, maintaining a bottom hole pressure of 2.5 × 107 Pa. The reservoir
is discretized using a Cartesian mesh with cell dimensions of 1 m in each direction,
resulting in a fine-scale grid of 100 × 28 × 19 cells. For the ADM simulation, two
coarse levels are employed, each with a coarsening ratio of 3 in the x, y and z di-
rections. A coarsening criterion of 0.01 is used, indicating that cells exceeding this
threshold in zCO2 gradient remain refined to capture significant changes accurately.
The initial time-step size is set to 0.01 day, and the maximum time-step size is limited
to 5 days.

The CO2 distribution predicted by ADM closely matches that of the fine-scale refer-
ence after 200 days, as illustrated in Figure 6.8. The figure highlights the coarse-to-fine
transition of grid cells in regions of significant overall CO2 mass fraction changes, while
other areas are coarsened without compromising the accuracy of the simulation. In-
deed, error calculations using equation (6.11) show a difference of only 1.5 × 10−6,
demonstrating ADM’s effectiveness at reducing computational effort while preserving
key flow characteristics.

To further explore the influence of problem size on the ADM algorithm, three ho-
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mogeneous reservoirs of different dimensions are considered: 100 m × 28 m × 19 m,
199 m × 55 m× 19 m and 397 m × 109 m × 19 m. Each model is discretized with
∆x = ∆y = ∆z = 1 m, and the same permeability, porosity and well configuration are
applied. The injection rates are adjusted relative to pore volume, with each simula-
tion extending over 5000 days, including 600 days of injection followed by 4400 days
of post-injection monitoring.

Figure 6.9 compares the evolution of active grid cell percentages over the simula-
tion period across varying problem sizes. The results show that ADM efficiency im-
proves with larger domains, especially when injection impacts only a limited reservoir
portion. This allows extensive grid coarsening, significantly reducing computational
resources needed for long-duration and large-scale simulations. These results high-
light ADM’s adeptness at dynamically refine critical areas and efficiently coarsen non-
critical regions, demonstrating its improved effectiveness in large-scale operations.

Figure 6.8: Comparative visualization of overall CO2 mass fraction profiles between
ADM (top) and the fine-scale model (bottom) after 200 days.

6.3.3. TEST CASE 3: SPE 11A AT LABORATORY CONDITIONS

Further validation of the ADM framework is conducted through its application to the
SPE 11A benchmark model, designed to simulate CO2 storage under controlled labo-
ratory conditions [155]. This model, which mimics the downscaled characteristics of
North Sea storage formations, features a two-dimensional representation encompass-
ing seven distinct facies: one seal (Facies 1), five permeable reservoir sands (Facies
2-6), and one impermeable (Facies 7). These properties are inspired by extensive
laboratory experiments and illustrated in Figure 6.10. The properties of these uncon-
solidated sands are consistent with recent studies from Nordbotten et al. (2022) [156],
as summarized in Table 6.1.
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Figure 6.9: Evolution of active grid cell percentages employed by ADM during simu-
lation with the threshold value of 0.01.
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Figure 6.10: Illustration of the discretized two-dimensional geometry of the SPE 11A
model, showcasing the arrangement of facies and injection wells loca-
tions.

Table 6.1: Physical Parameters and Simulation Setup for the SPE 11A Numerical Sim-
ulation.

k [D] φ [-] Swi [-] Pentry [Pa] Dw [m2s−1] Dn [m2s−1]
Facies 1 44.53 0.44 0.32 1500 10−9 1.6×10−5

Facies 2 506.63 0.43 0.14 300 10−9 1.6×10−5

Facies 3 1013.25 0.44 0.12 100 10−9 1.6×10−5

Facies 4 2026.50 0.45 0.12 25 10−9 1.6×10−5

Facies 5 4953.00 0.43 0.12 10 10−9 1.6×10−5

Facies 6 10132.50 0.46 0.10 1 10−9 1.6×10−5

Facies 7 10−8 10−5 0 0 0 0
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The domain geometry measures 2.8 m in length and 1.2 m in height, with a uniform
thickness of 0.01 m. The domain is discretized into a grid of 280 × 127 cells, yielding
a total of 35560 control volumes. The isothermal conditions are maintained at 20 °C,
corresponding to atmospheric pressure. The left, right, and bottom boundaries are
treated as no-flow boundaries, while the top boundary is maintained at a constant
pressure of 1.1× 105 Pa and is in direct contact with pure water. The initial time-
step size is set to 10−6 minute, and the maximum time-step size is limited to 10
minutes throughout the simulation. The simulation monitors CO2 flow and transport
over a total duration of 5 days. Initially, the medium is saturated with water, and
CO2 is injected through two injection wells, as shown in Figure 6.10. The first well
operates continuously for the initial 5 hours, injecting CO2 at a rate of 1.7×10−7 kg/s.
Subsequently, the second well begins injection at 2.5 hours, and continues until 5
hours, maintaining the same injection rate and thereby overlapping with the first well
for half the duration. This setup facilitates detailed observation of CO2 distribution
and phase interactions within the porous medium.

Relative permeability and capillary pressure curves are modeled using the Brooks-
Corey equations, adapted to each sand type according to their respective residual
saturation values. Specifically, the relative permeability kr is given by:

kr,α =
(
max

(
Sα−Sα,imm

1−Sα,imm
,0

))2

, (6.16)

where Sα,imm is the residual saturation of phase α, below which the phase becomes
immobile. A residual saturation of 0.1 is specified for the non-wetting phase across
all facies. The extended Brooks-Corey function for all saturations is:

Pc = Pc,max ·erf

(
Pentry · (Sw,n)−

1
2

Pc,max

p
π

2

)
, (6.17)

where Sw,n is the normalized wetting-phase saturation, Pentry denotes the rock entry
pressure, and Pc,max = 2500 Pa specifies the maximum capillary pressure. The thermo-
physical properties of pure CO2 and H2O phases are obtained from the NIST database
[157].

To optimize computational resources, the ADM simulations are conducted with two
coarse levels, and the coarsening ratio is γ= 3×3. We explore four different thresholds
{5×10−3,10−3,5×10−4,10−4} for the coarsening criterion based on ∆zCO2 . Over the full-
cycle period, including both injection and post-injection phase, the system captures
CO2 plume evolution, dissolution, and convective transport.

Figure 6.11 displays CO2 mass fraction profiles after five hours of injection, compar-
ing the fine-scale baseline with various coarsening thresholds. The illustration high-
lights the rapid upward and lateral movement of CO2 driven by buoyancy forces and
its interaction with the sealing layer. This visualization demonstrates the effectiveness
of the ADM in capturing the early stages of CO2 plume development under dynamic
storage conditions. Figure 6.12, on the other hand, presents the CO2 distribution after
five days, illustrating the post-injection phase, during which the CO2-saturated upper
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layer, denser than the underlying brine, begins to form descending fingers at the in-
terface. These structures indicate the onset of gravitational instability, a critical factor
for understanding long-term CO2 storage efficiency. Although the fine-scale simula-
tion offers a comprehensive understanding of these dynamics, the ADM simulations
achieve high accuracy throughout the injection period, with minor errors. During
the post-injection phase, reducing the coarsening threshold from ∆zCO2 = 10−3 to
∆zCO2 = 5×10−4 results in only a slight increase in the active grid cells but enhances
accuracy. The most refined ADM configuration, with ∆zCO2 = 10−4, achieves the lowest
error and highest AGC, effectively replicating the fine-scale model’s complex dynamics
and enabling precise visualization of individual finger migrations.

(a) Fine-Scale

(e) Δz = 1×10-4, ε = 0.007‰, AGC = 53%  

(c) Δz = 1×10-3, ε  = 0.010‰, AGC = 45%  (b) Δz = 5×10-3, ε = 0.014‰, AGC = 43%  

(d) Δz = 5×10-4, ε = 0.009‰, AGC = 49%  

Figure 6.11: CO2 mass fraction profiles for SPE 11A model after 5 hours injection,
showing the finest and coarse grid levels.

The capability of ADM to effectively track these complex features using fewer active
grid cells is quantitatively analyzed in Figure 6.13. Figures 6.13(a) and (b) present the
ADM error metrics for pressure and overall mass fraction, respectively, throughout the
simulation duration. The term “error” refers to the difference between ADM results
and the fully resolved fine-scale solution.Figure 6.13(c) details the percentage of active
grid cells utilized by ADM and Figure 6.13(d) summarizes the average errors and active
cell fractions across all thresholds. This analysis confirms that tighter thresholds, such
as 10−4, result in lower errors but require a higher number of active cells, highlighting
a trade-off between precision and efficiency. Lastly, Figure 6.14 depicts the fractions of
injected CO2 that remain mobile and that dissolves into the brine over the simulation
duration. During injection, most of the CO2 remains in the mobile phase. Afterward,
dissolution and reactivation due to convective transport triggered by density gradients,
reactivate a portion of the mobile gas. All ADM configurations closely match the
fine-scale reference, indicating that resolving individual fingers in detail is not strictly
necessary to accurately capture overall trapping dynamics.
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(a) Fine-Scale

(e) Δz = 1×10-4, ε = 0.035‰, AGC = 89%  

(c) Δz = 1×10-3, ε  = 0.090‰, AGC = 15%  (b) Δz = 5×10-3, ε = 0.106‰, AGC = 12%  

(d) Δz = 5×10-4, ε = 0.058‰, AGC = 25%  

Figure 6.12: CO2 mass fraction profiles for SPE 11A model after 5 days, illustrating
detailed plume behavior across fine and coarse grid levels.

6.3.4. TEST CASE 4: SPE 11B AT RESERVOIR CONDITIONS

Building on the methodologies validated in the laboratory-scale SPE 11A setup, the
SPE 11B benchmark extends the simulations to mimic reservoir conditions character-
istic of the Norwegian Continental Shelf. While retaining the basic geometric frame-
work of SPE 11A, SPE 11B scales up the model to field dimensions. Specifically, the
horizontal dimensions are scaled by a factor of 1:3000 and the vertical dimensions
by 1:1000, resulting in a large-scale model measuring 8.4 km in length and 1.2 km in
height. Well placements are adjusted accordingly, as shown in Figure 6.15. The model
assumes a uniform thickness of 1 m. To accurately reflect reservoir conditions, the
facies properties are updated, with details provided in Table 6.2.

Table 6.2: Physical Parameters and Simulation Setup for the SPE 11B Numerical Sim-
ulation.

kh [mD] φ [-] Swi [-] Dw [m2s−1] Dn [m2s−1]
Facies 1 0.10132 0.10 0.32 10−9 2×10−8

Facies 2 101.324 0.20 0.14 10−9 2×10−8

Facies 3 202.65 0.20 0.12 10−9 2×10−8

Facies 4 506.625 0.20 0.12 10−9 2×10−8

Facies 5 1013.25 0.25 0.12 10−9 2×10−8

Facies 6 2026.5 0.35 0.10 10−9 2×10−8

Facies 7 10−5 10−5 0 0 0

While the official SPE 11B benchmark considers thermal effects, this study maintains
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Figure 6.13: SPE 11A error analysis detailing ADM performance across various thresh-
olds, with metrics for pressure, mass fraction errors, and active grid cell
usage.
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Figure 6.14: Temporal dynamics of CO2 trapping in the SPE 11A model, illustrated
as fractions of injected CO2 in dissolved and mobile states. The vertical
dashed line indicates the transition moment at which injection stops.
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Figure 6.15: Illustration of the SPE 11B model geometry, showing scaled dimensions
and well placements in a field scenario.

a focus on mass conservation equations due to the scope of our research. The domain
is discretized into a grid of 847×127. The temperature is uniformly maintained at 50°C
throughout the simulation. Initially the domain is fully saturated with water, and CO2

is injected through two injection wells. The first well operates at a constant injection
rate of 0.035 kg/s for 50 years. A second well begins injection at the same rate after
25 years, resulting in a 25-year period of overlapping operation. The initial time-
step size is set to 1 minute, and the maximum time-step size is limited to 36.5 days
throughout the simulation. These simulation setups are crucial for monitoring the
long-term migration of the CO2 plume under these extended temporal and spatial
scales.

To prevent unphysical pressure buildup, auxiliary porosity volumes are introduced
along the lateral boundaries, facilitating pressure stabilization across the field as de-
tailed in referenced studies [155]. Moreover, permeability is assigned using an anisotropy
ratio of 10:1 between horizontal and vertical directions (kz = 0.1kh). Differences from
SPE 11A include adjustments in capillary pressures, which are defined according to
the Leverett J-scaling:

Pentry =
√

φ

kx
·6.12×10−3N/m, (6.18)

where 6.12×10−3 N/m is derived from Abdoulghafour et al. (2020). [158]. Additionally,
shape exponents for relative permeability and capillary forces are adjusted to 1.5, with
respective curves for each facies shown in Figure 6.16. The thermodynamic param-
eters remain consistent with those defined in the SPE 11A model, ensuring physical
consistency in the simulation’s physical modeling across different test cases. This
comprehensive setup allows for an extensive analysis of CO2 behavior under reservoir
conditions, providing valuable insights into its long-term migration patterns.

Figure 6.17 presents the comparative results at the end of the injection phase, utiliz-
ing both the ADM method and a fine-scale reference model. The simulations explore
varying coarsening thresholds of ∆zCO2 ∈ {0.1, 0.05, 0.01, 0.001}, with a consistent
coarsening ratio of γ = 3× 3. In all models, the CO2 plume rises vertically due to
buoyancy, subsequently spreading laterally at sealing layers, illustrating the complex
interactions of the plume with geological structures. The fine-scale model provides a
baseline for assessing the impact of ADM’s varied coarse levels on simulation accu-
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Figure 6.16: Relative permeability and capillary pressure curves for different sand fa-
cies as a function of non-wetting saturation.

racy. During the initial injection phase, discrepancies between the ADM simulations
remain minimal, largely because the CO2 plume impacts only a small section of the
domain, allowing for a coarser grid in the majority of the domain.

Figure 6.18 displays the long-term CO2 distribution after 1000 years, highlighting
the divergence in simulation accuracy across different coarsening thresholds. As the
coarsening threshold decreases from ∆z = 0.1 to ∆z = 0.001, the ADM simulations pro-
gressively capture the plume dynamics with increased precision. The lower thresholds,
particularly in Figure 6.18(d) and (e), reveal more intricate fingering patterns of CO2

migration, aligning more closely with those observed in the fine-scale model.

Moreover, Figure 6.19 presents a comprehensive error analysis for SPE 11B simu-
lations across different ADM coarsening thresholds, illustrating how adjustments in
∆z impact the accuracy and computational efficiency of the model over a 1000-year
simulation period. Figure 6.19(b) depicts the overall mass fraction error, which reveals
a distinct trend. Lower ∆z values correspond to lower errors, demonstrating improved
mass fraction accuracy with finer grid resolutions. This improvement becomes more
pronounced over time, underscoring the ADM method’s capability to capture detailed
physics interactions within the CO2 plume more effectively as the grid resolution in-
creases. Simultaneously, as ∆z decreases, the percentage of active grid cells increases,
peaking significantly for the finest threshold (∆z = 0.001), which reflects the method’s
dynamic grid adaptation to the evolving simulation demands, particularly in captur-
ing finer details of plume behavior. Figure 6.19(d) integrates these metrics, correlating
the average active grid cells, average pressure error, and average overall mass fraction
error against the ADM tolerance thresholds, highlighting the trade-offs between com-
putational cost and simulation accuracy.
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(a) Fine-Scale

(e) Δz = 0.001, ε = 0.089‰, AGC = 21.8%  

(c) Δz = 0.05, ε  = 0.147‰, AGC = 16.9%  (b) Δz = 0.1, ε = 0.153‰, AGC = 16.6%  

(d) Δz = 0.01, ε = 0.095‰, AGC = 19.8%  

Figure 6.17: CO2 mass fraction profiles for SPE 11B model after 50 years injection. The
overlaid grids represent the first and second levels of coarsening used in
the ADM simulations.

(a) Fine-Scale

(e) Δz = 0.001, ε = 0.089%, AGC = 67.2%  

(c) Δz = 0.05, ε  = 0.28%, AGC = 27.1%  (b) Δz = 0.1, ε = 0.33%, AGC = 21.2%  

(d) Δz = 0.01, ε = 0.096%, AGC = 57.0%  

Figure 6.18: CO2 mass fraction profiles for SPE 11B model after 1000 years. The over-
laid grids represent the first and second levels of coarsening used in the
ADM simulations.
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Lastly, Figure 6.20 shows that varying ADM coarsening thresholds has only a minor
impact on the quantification of CO2 in both dissolved and mobile phases over the
1000-year simulation. This suggests that, even with broader coarsening thresholds,
the ADM method still effectively captures the essential dynamics of CO2 trapping
mechanisms in deep saline aquifers. The fractional amounts of injected CO2 in both
dissolved and mobile phases follow similar trajectories across different thresholds,
indicating robustness in the ADM’s ability to model long-term behavior regardless
of the grid coarseness. Even with relatively larger thresholds, the method provides
a rapid and efficient quantification approach without significantly compromising the
accuracy, making it suitable for extensive parameter studies or scenarios with limited
computational resources.

Overall, these findings confirm that the ADM approach validated against fine-scale
models retains its ability to capture key CO2 transport phenomena, including dissolution-
driven density changes and extended migration patterns.
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Figure 6.19: Error analysis for the SPE 11B ADM simulations, showing variations in
pressure and mass fraction errors alongside the percentage of active grid
cells used across different coarsening thresholds.
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Figure 6.20: Temporal dynamics of CO2 trapping in the SPE 11B model, illustrated
as fractions of injected CO2 in dissolved and mobile states. The vertical
dashed line indicates the transition moment at which injection stops.

6.4. CONCLUSIONS

This chapter presented a detailed fine-scale and multiscale modeling framework for
simulating multiphase, multicomponent CO2-brine flow in deep saline aquifers, with
particular focus on the Algebraic Dynamic Multilevel (ADM) method. A fully compo-
sitional fine-scale formulation incorporating thermodynamics, capillarity, and molec-
ular diffusion was established as the reference model. Spatial discretization was car-
ried out using the finite volume method, coupled with a fully implicit time integration
scheme.

Building on this fine-scale foundation, the ADM framework was introduced as a
multilevel algebraic strategy for reducing computational cost while preserving criti-
cal physical fidelity. By dynamically adjusting the resolution of the simulation domain
based on local gradients of the overall CO2 composition, ADM efficiently concentrates
numerical effort in regions exhibiting sharp fronts, fingering patterns, or near-well
transients. The approach employs a hierarchy of nested grids, along with algebraically
constructed restriction and prolongation operators, to map residuals and unknowns
across levels. Multiscale basis functions for pressure, combined with constant prolon-
gation for composition, further enable accurate flow representation in heterogeneous
porous media.

A suite of numerical experiments, ranging from laboratory to field-scale models, was
conducted to evaluate the performance and scalability of the ADM method. Across all
test cases, ADM consistently reproduced key features of CO2 migration and trapping
with high accuracy while substantially reducing the number of active grid cells. The
method captured dissolution-driven convection, plume fingering, and stratigraphic
accumulation with minimal error relative to fully resolved simulations. Sensitivity
analyses confirmed that appropriately chosen refinement thresholds (∆zCO2 ) enable
a favorable trade-off between computational efficiency and solution accuracy: tighter
thresholds resolve fine-scale features more precisely, whereas looser criteria still pre-
serve global plume dynamics and trapping statistics at reduced cost.
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In the context of geological CO2 storage, these findings underscore the capability
of ADM to support long-term simulations of complex flow systems without incurring
prohibitive computational burden. Importantly, the method enables reliable quantifi-
cation of critical storage metrics, such as mobile and dissolved CO2 fractions, even
when small-scale details are only partially resolved. As such, ADM provides a scalable
and accurate framework suitable for field-scale sensitivity analyses, and optimization
of injection strategies under geological uncertainty. The demonstrated robustness and
efficiency of the method make it a valuable computational tool for advancing predic-
tive modeling in CCS applications.



7
MULTISCALE SIMULATION OF CO2

STORAGE IN FRACTURED AQUIFERS

In the previous chapter, the Algebraic Dynamic Multilevel (ADM) method was intro-
duced as an efficient multiscale simulation strategy for modeling CO2 injection and
migration in geologically heterogeneous saline aquifers. By dynamically adjusting spa-
tial resolution based on composition gradients, the ADM framework enables accurate
tracking of plume evolution and phase interactions while substantially reducing com-
putational cost compared to fully resolved fine-scale simulations.

However, many subsurface formations targeted for CO2 sequestration are naturally
fractured or may develop induced fractures during injection operations. These frac-
tures can significantly alter flow dynamics: highly permeable fractures may enhance
preferential pathways and elevate leakage risks, while low-permeability or sealing frac-
tures may compartmentalize the reservoir and induce sharp pressure discontinuities.
Therefore, reliable modeling of CO2 storage under such conditions requires explicit
representation of fracture–matrix interactions and adaptive control over spatial reso-
lution in both domains.

To this end, the present chapter introduces a multiscale simulation framework that
combines the projection-based Embedded Discrete Fracture Model (pEDFM) with the
ADM strategy, referred to as pEDFM-ADM. This framework retains the core structure
of ADM while enabling explicit yet efficient treatment of discrete fractures. At each
simulation time step, the fully implicit, compositional fine-scale system, coupled via
the finite-volume method, is mapped onto dynamically constructed multilevel grids
in both matrix and fracture domains. The grid adaptivity is governed by front-tracking
criteria based on local variations in overall CO2 mass fraction, and resolution mapping
is achieved using algebraic prolongation and restriction operators.

The governing equations, thermodynamic constraints, and numerical solution strate-
gies underlying the fine-scale model have already been established in Chapters 2
and 3, with specific compositional formulation details outlined in Sections 2.2 and 3.1.1.
Building on this foundation, the present chapter details the formulation, implemen-
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tation, and evaluation of the pEDFM-ADM framework for fractured aquifers. Through
a series of numerical experiments, we assess the capability of this approach to resolve
flow features with fractures, capture critical trapping mechanisms, and maintain com-
putational scalability in complex geological settings.

7.1. PEDFM-ADM FOR CO2 STORAGE

The pEDFM-ADM framework integrates pEDFM with the ADM method to efficiently
simulate multiphase, CO2-H2O flow in fractured saline aquifers. In this approach, the
fractured aquifer is discretized on a Cartesian grid, with fractures embedded as lower-
dimensional features using pEDFM. pEDFM constructs independent grids for the ma-
trix and fracture domains and systematically adjusts matrix-fracture and matrix-matrix
transmissibilities to reflect a wide range of fracture conductivities, from highly con-
ductive pathways to impermeable barriers, while ensuring local mass conservation.
The ADM component introduces a dynamic multilevel hierarchy that enables efficient
simulation by solving the governing equations on coarser grids and reconstructing
fine-scale solutions via multiscale interpolator. This approach allows accurate resolu-
tion of key features, such as CO2 fronts or active fractures, without globally refining
the grid.

7.1.1. ADAPTIVE SELECTION OF MULTILEVEL GRIDS

At each time-step, the pEDFM-ADM framework adaptively constructs a multilevel so-
lution grid by combining predefined sets of matrix and fracture grid cells. The grid
is refined or coarsened dynamically based on the evolving physical state of the sys-
tem, particularly the movement of the CO2 concentration front, which is identified
according to a user-defined threshold. For instance, the algorithm tracks the overall
mass fraction zCO2 and applies fine resolution in regions with steep gradients, while
coarsening areas where CO2 mass fracture evolves more smoothly. This front-tracking
strategy ensures efficient use of computational resources without compromising ac-
curacy.

For a three-dimensional aquifer, the physical domain is initially discretized into
a fine-scale grid consisting of Nm cells in the rock matrix and N fi cells for each
fracture i . Although this resolution captures detailed CO2-brine interactions, solving
fully implicit systems across all cells becomes computationally prohibitive for large-
scale problems. To address this, pEDFM-ADM constructs a hierarchy of coarser grids,
indexed by level l , where l = 0 corresponds to the fine-scale grid. Let N l

m and N l
fi

denote the number of control volumes at level l in the matrix and in fracture i ,
respectively. The coarsening ratio γl at level l is defined as:

γl = (
γl

m ,γl
f1

, · · ·,γl
fN f

)= ( N l
m

N l−1
m

,
N l

f1

N l−1
f1

, · · ·,
N l

fnfrac

N l−1
fnfrac

)
. (7.1)
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This framework allows for independent coarsening strategies in the matrix and indi-
vidual fractures, offering flexibility. To maintain numerical stability, the level difference
between neighboring cells is restricted to one, thereby avoiding abrupt transitions that
could degrade solution quality.

The selection of the grid resolution is guided by a threshold-based criterion, speci-
fied as an input parameter. This refinement criterion compares the spatial variation
of zCO2 between neighboring cells. Let ΩI

l and ΩJ
l denote two neighboring coarse grid

cells at level l , and i and j indicate the indices of fine-scale cells contained in these
coarse blocks. The maximum difference of the zCO2 is computed as:

∆zI ,J = max
i∈ΩI

l , j∈ΩJ
l

∣∣zi − z j
∣∣. (7.2)

If the difference ∆zI ,J for any pair of neighboring coarse blocks exceeds a specified
threshold, the block I is refined from coarse level l to (l −1).

7.1.2. SOLUTION STRATEGY

At each Newton iteration, pEDFM-ADM constructs a reduced multiscale system via
algebraic operators based on equation (3.44), defined on a dynamic multilevel grid up-
dated at the beginning of each time-step. In regions where a coarse grid is employed,
a fine-scale solution that accounts for subgrid-scale heterogeneity can be efficiently
reconstructed from the coarse-scale solution using algebraically defined restriction (R)
and prolongation (P) operators. These operators are constructed to ensure local mass
conservation in the reconstructed fine-scale fields. The underlying ADM methodology
is described in detail by Cusini et al. [87]. Figure 7.1 provides a schematic overview
of how the pEDFM-ADM method is applied to CO2 storage.

The fully-implicit system on the fine grid is projected to a selected coarser level l
by restriction and prolongation operators:

R̂l−1
l · · · R̂0

1J0P̂1
0 · · · P̂l

l−1︸ ︷︷ ︸
JADM

δξ′l =− R̂l−1
l · · · R̂0

1r0︸ ︷︷ ︸
rADM

, (7.3)

where J0 and r0 are the Jacobian matrix and residual vector at the fine scale, re-
spectively, and δξ′l is the solution at grid level l . The restriction operators R̂l−1

l map
residuals of governing equations from level l − 1 to level l , while the prolongation
operators P̂l

l−1 interpolate the solution in the opposite direction. Both R and P are
block-diagonal matrices:

Rl−1
l =


[
(Rp )l−1

l

]
m

0 0 0

0
[
(Rp )l−1

l

]
f

0 0

0 0
[
(Rz )l−1

l

]
m

0

0 0 0
[
(Rz )l−1

l

]
f


Nl×Nl−1

, (7.4)
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and

Pl
l−1 =


[
(Pp )l

l−1

]
mm

[
(Pp )l

l−1

]
m f

0 0[
(Pp )l

l−1

]
f m

[
(Pp )l

l−1

]
f f

0 0

0 0
[
(Pz )l

l−1

]
mm

0

0 0 0
[
(Pz )l

l−1

]
f f


Nl−1×Nl

. (7.5)

Here, the subscript p and z denote the pressure and overall mass fraction sub-blocks,
respectively, and the subscripts ’m’ and ’f’ refer to the matrix and fractures, respec-
tively. The same finite-volume restriction operator is typically applied to both variables
to ensure the local mass balance, meaning (Rp )l−1

l = (Rz )l−1
l . Specifically, each entry

of the restriction operator (Rp )l−1
l is binary:

(Rp )l−1
l (i , j ) =

{
1 if cell j is inside coarser cell i ,

0 otherwise.
(7.6)

Once the grid hierarchy is established, solving the coarser system and then prolong-
ing the solution back to the fine grid provides an approximation to the fully resolved,
fine-scale solution. This process significantly reduces computational costs compared
to solving the original fine-scale system in all cells. The final step involves recovering
the fine-scale solution δξ0 by iteratively applying all prolongation operators:

δξ0 ≈ δξ′0 = P̂1
0 . . . P̂l

l−1δξ
′
l . (7.7)

Previous studies have shown that an iterative procedure is needed for highly-heterogeneous
reservoirs [85]. To this end, the pEDFM-ADM method integrates two iterations of a
fine-scale smoother to reduce remaining errors to a desired tolerance. This smoother
approximates the inverse of the original fine-scale linear operator Aν, and is imple-
mented using an ILU(0) decomposition.

7.1.3. FRACTURE MULTILEVEL MULTISCALE BASIS FUNCTIONS

In the pEDFM-ADM framework, a non-overlapping primal coarse grid is first con-
structed on the fine-scale computational domain for both the matrix and fracture
cells. By connecting the coarse nodes, an overlapping decomposition is obtained.
Local basis functions are then computed for each coarse node within its dual coarse
block, following the multilevel grid hierarchy. For hyperbolic variables (e.g., saturation
or component mass fraction), constant interpolation is adopted as the prolongation
operator, while for the elliptic pressure field, multiscale basis functions following Ţene
et al. (2016) [90] are employed to account for heterogeneity in transmissibility.

As with the typical pEDFM method, fractures are discretized as lower-dimensional
entities embedded in the matrix grid. Coarse nodes are assigned in the fracture do-
main similarly to the matrix, ensuring that every fracture contains its own set of coarse
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Figure 7.1: Schematic description of the pEDFM-ADM strategy, where ’FS’ denotes an
evaluation on the fine scale grid.
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nodes. As a result, basis functions are constructed not only for matrix coarse nodes
but also for fracture coarse nodes. The computation of fracture basis functions follows
a similar procedure to that of the matrix; however, the support region of each basis
function now extends across both the matrix and fracture media.

This coupling implies that matrix basis functions are influenced by the presence of
nearby fractures, and meanwhile, fracture basis functions are also affected by adjacent
matrix cells. The resulting basis functions are therefore termed fully coupled basis
functions, as they are solved over local dual coarse domains that include both matrix
and fracture cells, with all intermediate interactions preserved.

Mathematically, for each coarse node i , the local basis function Φi is obtained by
solving the following coupled system over its local domain Ωi :

−∇·(λ∗∇Φ∗•
i

) + ∑
j∈conn∗

m f

η∗j C
(
Φ∗•

i

) + ∑
j∈perf∗w

β∗
j

(
Φ∗•

i −Φw•
i

)= 0, (7.8)

which is solved for each basis function Φ∗•
i . Here, η∗j is the matrix-fracture coupling

coefficient, and β∗
j is the well index if wells are present. The operator C (·) denotes the

matrix-fracture coupling term. A detailed description of the basis function entries can
be found in [90]. The solution Φi is then assembled into column i of the prolongation
operator Pp , which maps coarse pressures to the fine-scale solution. These multiscale
basis functions enable accurate coarse-grid representation of flow in highly hetero-
geneous porous media with complex matrix-fracture connectivity. Figure 7.2 shows a
surface plot of some matrix and fracture basis functions at two different coarsening
levels for a 2D homogeneous domain.

7.2. NUMERICAL RESULTS

This section presents a series of numerical simulations designed to evaluate the effec-
tiveness of the proposed framework. We begin by analyzing the influence of fractures
on CO2 sequestration performance, and then proceed to more complex scenarios to
assess both the accuracy and computational efficiency of the method.

The relative permeability curves for the matrix domain are modified based on ex-
perimental data reported in [159], and are modeled using the van Genuchten formu-
lation [160]. Capillary pressure curves are derived from the Leverett J-function. In
this study, we assume that multiphase interactions within the fractures are negligi-
ble. Consequently, the relative permeability in fractures follows linear functions [161],
and both capillary pressure and hysteresis effects are neglected in the fracture do-
main. The primary drainage and imbibition curves for the matrix are illustrated in
Figure 7.3.

We assess the accuracy of the pEDFM-ADM method by comparing it with a reference
fine-scale simulation that employs the pEDFM method without ADM. To quantify the
solution accuracy of pEDFM-ADM method for hyperbolic variables (e.g., xCO2 and
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Figure 7.2: Example of multilevel, fully coupled basis functions over multiple dual
coarse blocks in a 2D homogeneous fractured domain. Red lines indicate
the fracture network, and the basis functions capture both matrix and frac-
ture influences.
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Figure 7.3: Illustration of the constitutive relationships (i.e. relative permeability and
capillary pressure curves) used for the matrix domain. Superscripts d
and i denote drainage and imbibition, respectively. Single-headed arrows
indicate irreversible processes, while double-headed arrows represent re-
versible ones along the corresponding curves.

zCO2 ), the error at each time step t is defined as [152]:

ϵx (t ) =

N∑
i=1

∣∣∣xi
CO2

(t )−xi
CO2,ref(t )

∣∣∣
N

, (7.9)

where xCO2,r e f is the reference fine-scale solution for the CO2 mass fraction, and N
is the total number of fine cells. For pressure, we define the normalized root-mean-
square error as:

ϵP (t ) =

√√√√ 1
N

N∑
i=1

(
P i

w (t )−P i
w,ref(t )

)2

Pbc
, (7.10)

where Pw,r e f denotes the fine-scale solution of the wetting-phase pressure, and Pbc

is a characteristic pressure scale (for instance, a boundary value). The average errors
over the entire simulation period are computed to provide a global measure of solution
accuracy:

ϵx = mean(ϵx (t )), (7.11)

ϵP = mean(ϵP (t )). (7.12)

7.2.1. TEST CASE 1: IMPACTS OF FRACTURES

To systematically investigate the full-cycle behavior of CO2 storage in a deep fractured
saline aquifer, we first consider a two-dimensional conceptual model representing a
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reservoir cross-section with a length of 200 m and a height of 50 m. The domain is
discretized into a structured grid with 201 cells in the horizontal direction and 51 cells
in the vertical direction. The permeability of the rock matrix is set to 8×10−14 m2. A
CO2 injection well is placed on the left boundary, injecting through the bottom 10 m
of the formation and terminating after 600 days, while a production well penetrating
the full vertical extent of the domain is located at the right boundary. The production
well is designed to withdraw formation brine rather than produced CO2, in order to
mitigate pressure perturbations and facilitate CO2 dispersal throughout the aquifer.
Two inclined fractures are embedded in the domain with identical inclination angles
but different spatial positions, as shown in Figure 7.4.

To evaluate the impact of fracture conductivity, we vary the fracture permeabil-
ity while keeping the fracture aperture constant. In each scenario, we consider two
logarithmic-scale fracture-to-matrix permeability ratios, defined as log(k f /km), with
values of 4 and -6 representing highly conductive fractures and near-impermeable
flow barriers, respectively. The physical parameters and simulation settings used in
all scenarios are summarized in Table 7.1.

50m 150m

5
0
m

200m

Figure 7.4: Schematic of 200×50 m computational domain and fracture configurations
used in Test Case 1. The injector is shown in light blue, the producer in
red, and each fracture in dark blue.

Figure 7.5 presents streamline patterns of aqueous phase under three configura-
tions: the base case simulation without fractures, flow barrier fractures, and finally
conductive fractures. In Figure 7.5(b), streamlines are visibly diverted around the
low-permeability fractures, most clearly near the fracture tips where stagnation zones
form. Almost no streamlines pass through the fractures, confirming their role as ef-
fective flow barriers. In contrast, in Figure 7.5(c), where the fracture permeability is
four orders of magnitude greater than that of the matrix, flow converges into the frac-
tures, accelerates along their length, and re-emerges into the matrix, creating localized
acceleration of the brine through the highly permeable pathways of the conductive
fractures. The streamline density in the surrounding matrix is noticeably reduced,
indicating that transport is dominated by flow through the conductive fractures.

The impact of fracture configuration on the evolution of CO2 mass fraction is il-
lustrated in Figures 7.6. In the base case without fractures, gravitational instabilities



7

108 7. MULTISCALE SIMULATION OF CO2 STORAGE IN FRACTURED AQUIFERS

Table 7.1: Physical Parameters and Simulation Setup for the DARSim Numerical Sim-
ulation.

Aquifer length 200 m
Aquifer height 50 m
Fracture length 40 m
Fracture aperture 5.0e-3 m
Fracture inclination angle 45 °
Matrix porosity 0.2 -
Matrix permeability 8×10−14 m2

Initial pressure 2.5e7 Pa
Bottom hole pressure 2.5e7 Pa
Temperature 323.15 K
Injection rate 1.0e-4 pore volume/day
CO2 density at STC 1.98 kg/m3

H2O density at STC 998 kg/m3

Simulation time 3.2e4 day
Injection time 6.0e2 day

develop near the top boundary due to the density difference between CO2-rich and
CO2-poor brine. These instabilities give rise to downward-propagating convective fin-
gers, which enhance dissolution trapping by increasing the contact area between CO2

and resident brine [99]. In the low-permeability fracture case, some vertical finger
development cannot cross the barriers, but the overall convective pattern remains
similar to the base case. In the high-permeability case, CO2-rich fluid rapidly enters
the conductive fractures, descends to greater depths, and re-enters the matrix, driving
large-scale flow patterns on both sides of the fracture network.

Figure 7.7 further shows the temporal evolution of both dissolved and residual trap-
ping fractions. Dissolution increases progressively as the CO2 plume interacts with
undersaturated brine. Residual trapping, on the other hand, is primarily controlled
by capillary hysteresis. After injection stops, brine, as the wetting phase in most sed-
imentary formations, imbibes into the trailing edge of the non-wetting CO2 plume.
This imbibition process leaves disconnected and immobile CO2 ganglia behind [113].
In the conductive fracture case, residual trapping is lower because the injected CO2 is
funneled into high-permeability pathways, leaving a smaller fraction of the pore space
available to immobilize CO2. In contrast, dissolution trapping is higher because the
fracture-controlled flow locally enhances mixing and interfacial contact between CO2-
rich and CO2-poor brine.

7.2.2. TEST CASE 2: VALIDATION OF PEDFM-ADM

Building on Test Case 1, we further evaluate the capability of the proposed pEDFM-
ADM framework in capturing the dynamics of CO2 migration and trapping in Test
Case 2 by comparing with a fine-scale solution. The pEDFM-ADM simulations em-
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Figure 7.5: Streamline distribution of aqueous phase at 1200 days for Test Case 1.
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Figure 7.6: Snapshots of CO2 mass fraction at 7500, 15000, 32000 days for Test Case 1.
The aspect ratio of the figures has been adjusted for improved visualization.

Figure 7.7: Temporal evolution of the fraction of injected CO2 trapped by different
mechanisms. The elapsed time (t ) is nondimensionalized with respect to
the duration of the injection period. The light-blue shaded region denotes
the injection phase, while the light-green shaded region corresponds to
the post-injection phase.
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ploy two coarse levels, each with a uniform coarsening ratio of 5 in both x- and z-
directions. To evaluate the sensitivity of the adaptive resolution control, we test three
threshold values for the front-tracking criterion based on local variations in the overall
CO2 mass fraction, ∆zCO2 ∈

{
10−1,10−2,10−3

}
. This criterion governs both refinement

and coarsening during the simulation, ensuring that high resolution is applied selec-
tively in regions with sharp CO2 gradients. Over the full simulation cycle, including
both injection and post-injection periods, the model captures key processes such as
plume propagation, convective mixing, and dissolution, while dynamically adjusting
grid resolution in response to the evolving front.

Figures 7.8 and 7.9 present snapshots at t = 20000 days for two contrasting fracture
scenarios: one with two low-permeability fractures acting as flow barriers (k f /km =
10−6), and another with two conductive fractures (k f /km = 104). For the barrier case,
the pEDFM-ADM simulations closely reproduce both the extent and the fine-scale
morphology of the plume, including fingering structures. As the refinement threshold
tightens, the error drops from 0.43% to 0.14%, accompanied by an increase in the
fraction of active grid cells (AGC) from 39% to 91%. Here, active grid cells refer to
the fine-scale cells that are explicitly resolved in the simulation at a given time step
and higher AGC values mean finer resolution but also greater computational cost.
In the conductive-fracture case, even the coarsest setting (∆zCO2 = 10−1) adequately
captures the large-scale convection pattern with only 0.35% error, using merely 37%
of the fine-grid resolution.

Figure 7.10 complements these visual comparisons by reporting quantitative accu-
racy and efficiency metrics. Figures 7.10(a) and (b) show the differences in pressure
and overall mass fraction between pEDFM-ADM and the fine-scale reference solu-
tion. Both quantities remain consistently small across the simulation, demonstrating
that pEDFM-ADM preserves the accuracy of the fine-scale model. The AGC curves in
Figure 7.10(c) highlight how the dynamic algorithm selectively refines only the active
regions. For the most stringent threshold, the algorithm retains approximately 80% of
the fine grid cells on average over the simulation period. As the ADM threshold in-
creases, the number of active cells decreases, which reduces computational cost, but
the error in each primary variable correspondingly increases. In this particular test
case, the solutions for thresholds of 10−2 and 10−3 are nearly indistinguishable. These
results demonstrate that pEDFM-ADM enables a tunable balance between computa-
tional efficiency and accuracy. In both the flow-barrier and conductive-fracture cases,
the framework preserves essential features such as solute fingering, and convective
mixing, while maintaining acceptable accuracy with reduced computational cost.

7.2.3. TEST CASE 3: FRACTURES WITH COMPLEX GEOMETRIES

To further demonstrate the effectiveness and generality of the proposed pEDFM-ADM
framework, we consider a more challenging scenario involving a complex, irregu-
lar fracture network, as illustrated in Figure 7.11. The computational domain spans
200 meters in the horizontal direction and 50 meters vertically, and contains 30 frac-
tures with diverse orientations, lengths, and spatial distributions, including both in-
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Figure 7.8: CO2 mass fraction profiles after 20000 days for the case with log(k f /km) =
−6, showing the finest and coarse grid levels.

Figure 7.9: CO2 mass fraction profiles after 20000 days for the case with log(k f /km) = 4,
illustrating detailed plume behavior across fine and coarse grid levels.
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Figure 7.10: Error analysis for case with flow barriers, detailing pEDFM-ADM perfor-
mance across various thresholds, with metrics for pressure, mass fraction
errors, and active grid cell usage.
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tersecting and isolated segments.

As with the previous test cases, we simulate two representative scenarios with ex-
treme fracture-matrix permeability contrasts: a low-permeability fracture network with
log(k f /km) =−6, and a highly conductive network with (log(k f /km) = 4. For each case,
pEDFM-ADM simulations are again performed using three different adaptivity thresh-
olds based on ∆zCO2 :

{
10−1,10−2,10−3

}
. Boundary conditions and fluid properties are

consistent with those listed in Table 7.1.

5
0
m

200m

Figure 7.11: Schematic of computational domain and fracture geometries for Test Case
3.

Figures 7.12 and 7.13 present CO2 mass fraction distributions at intermediate (2500
days) and late (32000 days) times, comparing fine-scale reference solutions with pEDFM-
ADM results across varying adaptivity thresholds. For the low-permeability fracture
network (log(k f /km) =−6), the fractures act as flow barriers that partition the domain
and inhibit vertical plume propagation. At 2500 days, the pEDFM-ADM simulations
accurately capture both the leading front and finger morphology with high fidelity
compared to the fine-scale solution, with an error of ϵ= 0.03% at ∆zCO2 = 10−1, while
activating only 48% of the grid cells. At 32000 days, the plume remains largely confined
by low-permeability segments, and the pEDFM-ADM results remain consistent with
the reference solution, with ϵ= 0.32% and 47% active cells at the coarsest threshold.

The high-permeability fracture network (log(k f /km) = 4) functions as a conduit sys-
tem that channels CO2 along fracture planes and induces large-scale convective mix-
ing patterns within the matrix. At 2500 days, these transport features are reproduced
with ϵ = 0.18% using only 37% of the fine grid at ∆zCO2 = 10−1. At 32000 days, the
plume geometry becomes increasingly influenced by fracture-controlled mixing. Re-
solving these structures requires finer adaptivity: the error decreases from ϵ= 0.61%
at ∆zCO2 = 10−1 to 0.19% at tighter threshold, with corresponding active cell fraction
increasing from 30% to 82%. These comparisons illustrate that the pEDFM-ADM con-
centrates resolution near the front, and that higher fracture conductivity requires finer
spatial resolution to accurately represent plume dynamics.

Figure 7.14 quantifies the temporal evolution of errors and the fraction of active
grid cells used in the simulation. For the low-permeability fracture network, plume
migration is limited by the barrier effect, producing a compact CO2 plume with rel-
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atively sharp zCO2 gradients along its boundary. Since the pEDFM-ADM algorithm
refines only in regions of steep gradients, most of the reservoir can be represented
on a coarse grid, with fine-scale resolution concentrated along the advancing front.
In contrast, for the high-permeability fracture network, the plume rapidly disperses
throughout the reservoir, generating large-scale mixing and numerous localized re-
gions of CO2 gradients. Accurately resolving this transport pattern requires fine-scale
resolution across much of the domain, keeping the active cell fraction high for an ex-
tended period. Figure 7.15 aggregates the dissolved and residual trapping fractionsto
visualize the total trapping occurring in each simulation. The conductive network ex-
hibits much stronger dissolution due to fracture-induced mixing and enhanced inter-
face area. Residual trapping primarily occurs during the post-injection period. Across
all thresholds, including ∆zCO2 = 10−1, the pEDFM-ADM solutions closely follow the
fine-scale curves, demonstrating the capability of the framework for rapid yet reliable
quantification of trapping metrics, even under relatively coarse adaptive thresholds.

Figure 7.12: CO2 mass fraction profiles at 2500 days for Test Case 3. Fine-scale results
are compared with pEDFM-ADM solutions at thresholds {10−1,10−2,10−3}.
Overlaid grid lines show local coarsening levels.

7.2.4. TEST CASE 4: HETEROGENEOUS AQUIFER WITH

MIXED-CONDUCTIVITY FRACTURES

In this section, we consider a complex scenario that couples heterogeneous matrix
permeability with fractures of contrasting hydraulic roles (i.e. both conductive frac-
tures and flow barriers). The matrix permeability field is derived from the SPE10
benchmark dataset (“SPE10Bottom”), characterized by strong spatial correlations and
channelized high-permeability streaks [162]. The same fracture network from Test
Case 3 (composed of 30 fractures) is superimposed on this field. As shown in Fig-
ure 7.16, white lines denote highly conductive fractures with k f = 8.0×10−10 m2, while
black lines represent low-permeability barriers with k f = 8.0×10−20 m2. This setup
reflects a more geologically realistic subsurface environment where both matrix and
fracture heterogeneity influence flow behavior.
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Figure 7.13: CO2 mass fraction profiles at 32000 days for Test Case 3. Fine-scale results
are compared with pEDFM-ADM solutions at thresholds {10−1,10−2,10−3}.
Overlaid grid lines show local coarsening levels.

Figures 7.17 and 7.18 show CO2 mass fraction fields at early time (600 days) and late
time (20000 days), respectively, comparing fine-scale reference solutions with pEDFM-
ADM results under different refinement thresholds. At 600 days, the plume evolution
is primarily governed by the heterogeneous matrix permeability field, with migration
strongly aligned along high-permeability pathways and hindered by low-permeability
zones. Conductive fractures serve to locally enhance transport where they intersect
permeable matrix channels, whereas barrier-type fractures alter flow paths and create
compartmentalization. The adaptive pEDFM-ADM approach successfully reproduces
these early-stage features: even at the coarsest setting (∆zCO2 = 10−1), the error re-
mains as low as ϵ= 0.10% while activating only 46% of fine grid cells.

By 20000 days, the CO2 plume exhibits a substantially more complex structure,
shaped by long-range interactions between the underlying matrix heterogeneity and
fracture connectivity. The presence of conductive fractures facilitates deep plume pen-
etration and sustains extensive fracture-controlled mixing. At the coarsest refinement
level (∆zCO2 = 10−1), pEDFM-ADM captures large-scale plume distribution but fails
to resolve finer structural details, with a error of 0.40% and only 26% of the fine grid
cells active. Tighter thresholds (∆zCO2 = 10−2 and 10−3) recover progressively more
fine-scale features, with errors of 0.10% and 0.02% and activate 81% and 99% of the
grid, respectively. While this demonstrates the framework’s ability to focus resolution
in physically significant regions such as fracture intersections and sharp fronts, the
trade-off between accuracy and efficiency becomes apparent: the ∆zCO2 = 10−3 case
achieves near fine-scale accuracy but offers minimal computational savings due to
the high active grid cell count.

As seen in Figure 7.19, both pressure and CO2 mass fraction errors are reported
alongside the temporal evolution of the active grid cell fraction, providing a quan-
titative assessment of solution accuracy and grid activation for this test case. Errors
consistently decrease with tighter refinement thresholds, while temporal variations re-
flect gradual accumulation as the plume interacts with increasingly complex regions
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Figure 7.14: Quantitative error analysis of pEDFM-ADM solutions for Test Case 3.
Pressure and overall CO2 mass fraction errors are shown alongside the
percentage of active grid cells for each coarsening threshold. (HF: high-
permeability fractures; LF: low-permeability fractures)
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Figure 7.15: Temporal evolution of CO2 trapping mechanisms in Test Case 3. Results
are expressed as fractions of the injected CO2 retained in immobile and
dissolved states over dimensionless time. The light-blue shaded region
denotes the injection phase, while the light-green shaded region corre-
sponds to the post-injection phase.
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Figure 7.16: Log-permeability field ln(K ) of the matrix and fracture configuration for
Test Case 4. White segments represent highly conductive fractures, while
black segments denote low-permeability barriers.
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of the domain. The averaged metrics in Figure 7.19(d) further confirm the accuracy-
efficiency trade-off: loose thresholds greatly reduce active fine cell usage but lose
fine-scale detail, whereas the tightest threshold achieves near fine-scale accuracy with
minimal computational savings because the active grid fraction remains close to 100%
for most of the simulation.

Finally, Figure 7.20 illustrates the temporal evolution of CO2 storage mechanisms,
including dissolved and residual trapping fractions. Across all thresholds, including
the coarsest setting, the pEDFM-ADM framework accurately reproduces the evolution
of global storage metrics and maintains close agreement with the fine-scale reference.
These results confirm the method’s robustness and predictive capability for simulating
multiphase, multicomponent flow in complex geological domains containing both
matrix heterogeneity and mixed fracture types, reinforcing its potential for practical
applications in geological CO2 sequestration.

Figure 7.17: CO2 mass fraction profiles after 600 days for Test Case 4. For the pEDFM-
ADM simulations, the dynamically refined grid is overlaid as white lines.

7.3. CONCLUSIONS

This chapter introduced a multiscale simulation framework for modeling multiphase,
multicomponent CO2 flow in fractured saline aquifers. The proposed method cou-
ples the projection-based embedded discrete fracture model (pEDFM) with the al-
gebraic dynamic multilevel (ADM) approach, enabling fully implicit simulations of
fracture-matrix systems with dynamic resolution control. The fine-scale composi-
tional flow equations are projected onto independently constructed multilevel grids
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Figure 7.18: CO2 mass fraction profiles after 20000 days for Test Case 4. For the
pEDFM-ADM simulations, the dynamically refined grid is overlaid as
white lines.

for the matrix and fracture domains, using localized multiscale basis functions derived
from algebraic prolongation operators. These basis functions are assembled following
coarse-node selection on both the rock matrix and the fracture sub-domains, allow-
ing the framework to retain fine-scale fidelity in regions with strong gradients while
coarsening elsewhere to enhance computational efficiency.

The adaptive mesh strategy is driven by front-tracking criteria based on composi-
tion gradients, allowing the model to focus resolution dynamically at physically signif-
icant locations, such as CO2 plume fronts and fracture intersections, while preserving
coarse representations in regions of limited flow activity. The resulting multiscale
system maintains the coupling between phases and components and remains ther-
modynamically consistent throughout the simulation.

The method was validated across a series of test cases with increasing complexity, in-
cluding systems with low-permeability flow barriers, highly conductive fractures. The
proposed approach demonstrates its capability to capture multiphase multicompo-
nent flow phenomena features, including fracture-guided transport, barrier-induced
compartmentalization, dissolution-driven convection, and residual trapping. In sce-
narios dominated by low-permeability fractures, the method successfully resolves flow
deflection and localized fingering. In contrast, under highly conductive fracture con-
ditions, the model captures preferential transport and large-scale convective mixing.
Importantly, the method preserves key storage metrics across all tolerances, including
dissolved and residual CO2 fractions, thereby confirming its reliability in capturing
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Figure 7.19: Error analysis of pEDFM-ADM solutions for Test Case 4. Pressure and
overall CO2 mass fraction errors are shown alongside the percentage of
active grid cells for each coarsening threshold.
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Figure 7.20: Temporal evolution of CO2 trapping mechanisms in Test Case 4. Results
are expressed as fractions of the injected CO2 retained in immobile and
dissolved states over dimensionless time. The light-blue shaded region
denotes the injection phase, while the light-green shaded region corre-
sponds to the post-injection phase.

long-term trapping behavior. These results highlight the potential of projection-based
multiscale embedded fracture models as a scalable and predictive tool for assessing
CO2 migration and storage performance in geologically realistic formations.
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CONCLUSIONS AND FUTURE WORK

This dissertation investigated modeling and simulation strategies for multiphase, mul-
ticomponent CO2-brine flow in deep saline aquifers, with a particular focus on both
data-driven surrogates and algebraic multiscale numerical methods. This work ad-
dressed challenges in CCS, including the need for physical fidelity, computational
efficiency, and the capability to handle complex geological heterogeneity and frac-
ture networks. This chapter summarizes the key scientific contributions and insights
developed throughout the research and outlines potential directions for future work.

8.1. CONCLUSIONS

The first part of this dissertation established the scientific motivation, theoretical foun-
dations, and a numerical baseline for CO2 storage modeling. Chapter 1 situated this
work within the broader context of climate mitigation and subsurface carbon manage-
ment, outlining the critical role of geological storage, the challenges associated with
multiphase and multicomponent flow in porous media, and the need for predictive
and computationally efficient simulation strategies. It further reviewed the limitations
in existing surrogate modeling and numerical simulation techniques, motivating the
development pursued in later chapters.

Chapter 2 formulated a compositional multiphase flow that captures for key physi-
cal mechanisms, including capillary pressure, dissolution, and phase partitioning. The
thermodynamic framework accounted for fugacity-based equilibrium across phases
and compositional effects on fluid properties. Chapter 3 complemented this by pre-
senting a fine-scale numerical implementation based on finite-volume discretization,
fully implicit time stepping, and Newton-Raphson nonlinear solvers. Flash calcula-
tions were embedded to resolve phase behavior under varying thermodynamic con-
ditions, forming a robust simulation reference against which subsequent surrogate
modeling and multiscale developments are evaluated.

Chapter 4 introduced a multi-task deep learning surrogate that jointly predicted gas
saturation (Sg ) and solution CO2–brine ratio (Rs ) through a shared encoder-decoder

123
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structure, exploiting their inherent physical coupling. The resulting model improved
accuracy and temporal coherence relative to single-task surrogates while delivering
substantial speedups, indicating that architectural consistency translated into more
stable spatiotemporal predictions. However, the method remained constrained by the
temporal scope and distribution of its training data, motivating the integration of
physical constraints.

To move beyond purely data-driven generalization, Chapter 5 proposed a physics-
constrained neural network framework (CO2PCNet) for full-cycle CO2 migration mod-
eling. The method incorporated the governing equations directly into the training loss
via residual-based penalties, guiding the learning process toward physically consistent
solutions. The network architecture combined spatial feature encoding, temporal se-
quence modeling via ConvLSTM, and auto-regressive inference to enable long-term
prediction beyond the temporal extent of the training data. By coupling sequence
modeling with explicit physical constraints, the approach reduced unphysical drift
and improved robustness when forecasting long-term plume evolution, where small
local errors could otherwise accumulate into qualitatively incorrect behavior.

Chapter 6 shifted the emphasis to high-fidelity numerical simulation at scale. An Al-
gebraic Dynamic Multilevel (ADM) method was developed to simulate compositional
CO2-brine flow with a hierarchy of multilevel grids. The method combined a fully
implicit solution strategy with front-tracking technique guided by overall CO2 mass
fraction gradients. Localized multiscale basis functions were constructed to represent
fine-scale heterogeneities within each coarse grid level. The ADM method dynami-
cally refined areas with significant overall CO2 mass fraction gradients while coarsen-
ing smooth regions, thus optimizing computational resources without compromising
the accuracy required to capture essential flow and transport characteristics. This
dynamic grid adjustment was facilitated by algebraic prolongation and restriction op-
erators, which map the fine-scale system onto a coarser grid suited to the evolving
distribution of the CO2 plume. This feature allowed the ADM to navigate various
coarsening thresholds efficiently, striking a trade-off between computational cost and
resolution of key trapping and transport processes. Even at relatively higher thresh-
olds, key trapping mechanisms were captured with sufficient detail for quantification.
Therefore, the ADM framework preserved essential flow and mixing dynamics with
substantially reduced computational expense, making long-term, field-scale simula-
tion more tractable in strongly heterogeneous settings.

Building on this, Chapter 7 extended the ADM framework to fractured formations
through the integration of a projection-based Embedded Discrete Fracture Model
(pEDFM). At each simulation time step, the fully implicit fine-scale system was mapped
onto a dynamically constructed multilevel grid. The dynamic grid hierarchy was de-
termined through a front-tracking criterion based on local variations in the overall
CO2 mass fraction, allowing the model to selectively refine regions of interest while
maintaining coarse resolution elsewhere. Prolongation operators, built from localized
multiscale basis functions, facilitated the projection between grid levels. These basis
functions were defined following the selection of coarse nodes in both matrix and
fracture domains, allowing for explicit representation of fractures at that coarse scale.
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Through a series of progressively complex test cases, the proposed approach demon-
strated its capability to capture multiphase multicomponent flow features, including
fracture-guided transport, barrier-induced compartmentalization, dissolution-driven
convection, and residual trapping. It resolved both deflection and localized fingering
in low-permeability fracture regimes and preferential transport with large-scale con-
vective mixing when fractures were highly conductive, supporting its applicability to
realistic fractured aquifers.

Overall, this dissertation advanced a set of complementary modeling strategies for
CO2 storage in deep saline aquifers: from physics-constrained machine learning sur-
rogates for rapid prediction, to multiscale numerical solvers capable of resolving fine-
scale dynamics in geologically complex systems. The key findings can be summarized
as follows:

• Data-driven surrogates could be made more reliable for CO2 migration forecast-
ing with task-consistent architectures and physics-based constraints, yielding
fast approximations that better preserved coupled flow behavior and mitigated
unphysical extrapolation.

• Algebraic dynamic multilevel method enabled efficient and accurate long-term
simulation of compositional CO2–brine systems, including fractured media via
pEDFM integration, by dynamically concentrating resolution near evolving plume
features while maintaining coarse representations elsewhere.

8.2. RECOMMENDATIONS FOR FUTURE WORK

There exist further scope for research and the remaining of this chapter discuss some
possible topics for future research activities. These directions can potentially enhance
the devised methods and shed light on their performance and practicality.

EXTENSION TO UNSTRUCTURED GRIDS

The current implementations of both the numerical simulation and surrogate model-
ing frameworks are primarily based on structured grid discretizations, which may limit
their applicability in complex geological domains such as folded formations, faulted
structures, or irregular boundaries. Extending the fine-scale and multiscale methods
to support unstructured grids, such as those based on tetrahedral or polyhedral ele-
ments, would allow more flexible and geologically realistic domain representations.

TRANSITION FROM CPU-BASED TO GPU-ACCELERATED IMPLEMENTATIONS

The ADM method has so far only been implemented in MATLAB. Future work should
focus on its reimplementation in a compiled language (e.g., C++), which would enable
a comprehensive evaluation of computational performance. Such a framework would
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also facilitate the development of parallel and GPU-accelerated strategies, allowing for
scalability studies and enhanced efficiency in large-scale simulations.

EXTENSION FROM TWO-COMPONENT TO THREE-COMPONENT SYSTEMS

This dissertation focused on binary CO2-H2O mixtures, which adequately represent
many storage scenarios but exclude potentially important components such as dis-
solved salts (e.g., NaCl), impurities (e.g., H2S, CH4), or tracers used for monitoring.
Incorporating a third component introduces additional complexity in both the ther-
modynamic modeling (e.g., extended equations of state, multi-component phase equi-
librium) and the numerical solution (e.g., increased nonlinearity and coupling).
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[90] M. Ţene, M. S. Al Kobaisi, and H. Hajibeygi. “Algebraic multiscale method
for flow in heterogeneous porous media with embedded discrete fractures (F-
AMS)”. In: Journal of Computational Physics 321 (2016), pp. 819–845.

[91] Schlumberger. “ECLIPSE: Technical Description 2013.2”. In: Schlumberger, 2013.

[92] K.-A. Lie. An introduction to reservoir simulation using MATLAB/GNU Octave:
User guide for the MATLAB Reservoir Simulation Toolbox (MRST). Cambridge
University Press, 2019.



8

134 REFERENCES

[93] S. Krogstad, K.-.-A. Lie, O. Møyner, H. M. Nilsen, X. Raynaud, and B. Skaflestad.
“MRST-AD–an open-source framework for rapid prototyping and evaluation of
reservoir simulation problems”. In: SPE Reservoir Simulation Conference. Spe.
2015, D022S002R004.

[94] H. S. Viswanathan, J. Ajo-Franklin, J. T. Birkholzer, J. W. Carey, Y. Guglielmi,
J. Hyman, S. Karra, L. J. Pyrak-Nolte, H. Rajaram, G. Srinivasan, et al. “From
fluid flow to coupled processes in fractured rock: Recent advances and new
frontiers”. In: Reviews of Geophysics 60.1 (2022), e2021RG000744.

[95] Y. Saad. Iterative methods for sparse linear systems. SIAM, 2003.

[96] M. Cusini, A. A. Lukyanov, J. Natvig, and H. Hajibeygi. “Constrained pressure
residual multiscale (CPR-MS) method for fully implicit simulation of multi-
phase flow in porous media”. In: Journal of Computational Physics 299 (2015),
pp. 472–486.

[97] J. H. Abou-Kassem, S. M. Farouq-Ali, and M. R. Islam. Petroleum Reservoir
Simulations. Elsevier, 2013.

[98] G. S. Pau, J. B. Bell, K. Pruess, A. S. Almgren, M. J. Lijewski, and K. Zhang.
“High-resolution simulation and characterization of density-driven flow in CO2

storage in saline aquifers”. In: Advances in Water Resources 33.4 (2010), pp. 443–
455.

[99] D. V. Voskov and H. A. Tchelepi. “Comparison of nonlinear formulations for
two-phase multi-component EoS based simulation”. In: Journal of Petroleum
Science and Engineering 82 (2012), pp. 101–111.

[100] M. H. Reed. “Calculation of multicomponent chemical equilibria and reaction
processes in systems involving minerals, gases and an aqueous phase”. In:
Geochimica et Cosmochimica Acta 46.4 (1982), pp. 513–528.

[101] N. Spycher, K. Pruess, and J. Ennis-King. “CO2-H2O mixtures in the geological
sequestration of CO2. I. Assessment and calculation of mutual solubilities from
12 to 100 ◦C and up to 600 bar”. In: Geochimica et cosmochimica acta 67.16
(2003), pp. 3015–3031.

[102] J. M. Prausnitz, R. N. Lichtenthaler, and E. G. De Azevedo. Molecular thermo-
dynamics of fluid-phase equilibria. Pearson Education, 1998.

[103] J. W. Johnson, E. H. Oelkers, and H. C. Helgeson. “SUPCRT92: A software pack-
age for calculating the standard molal thermodynamic properties of minerals,
gases, aqueous species, and reactions from 1 to 5000 bar and 0 to 1000◦C”. In:
Computers & Geosciences 18.7 (1992), pp. 899–947.

[104] A. Harvey, A. Perkin, and S. Klein. “NIST Standard Reference Database 10, Ver-
sion 2.2”. In: International Association for the Properties of Water and Steam
(IAPWS) 95 (2000).

[105] O. Redlich and J. N. Kwong. “On the thermodynamics of solutions. V. An equa-
tion of state. Fugacities of gaseous solutions”. In: Chemical reviews 44.1 (1949),
pp. 233–244.



REFERENCES

8

135

[106] K. G. Denbigh. The principles of chemical equilibrium: with applications in
chemistry and chemical engineering. Cambridge University Press, 1981.

[107] O. Massarweh and A. S. Abushaikha. “CO2 sequestration in subsurface geologi-
cal formations: A review of trapping mechanisms and monitoring techniques”.
In: Earth-Science Reviews (2024), p. 104793.

[108] H. Emami-Meybodi, H. Hassanzadeh, C. P. Green, and J. Ennis-King. “Con-
vective dissolution of CO2 in saline aquifers: Progress in modeling and experi-
ments”. In: International Journal of Greenhouse Gas Control 40 (2015), pp. 238–
266.

[109] F. Al Hameli, H. Belhaj, and M. Al Dhuhoori. “CO2 sequestration overview in
geological formations: Trapping mechanisms matrix assessment”. In: Energies
15.20 (2022), p. 7805.

[110] J. Luo, Y. Xie, M. Z. Hou, Y. Xiong, X. Wu, C. T. Lüddeke, and L. Huang. “Ad-
vances in subsea carbon dioxide utilization and storage”. In: Energy reviews 2.1
(2023), p. 100016.

[111] K. Rasmusson, M. Rasmusson, Y. Tsang, S. Benson, F. Hingerl, F. Fagerlund,
and A. Niemi. “Residual trapping of carbon dioxide during geological storage-
Insight gained through a pore-network modeling approach”. In: International
Journal of Greenhouse Gas Control 74 (2018), pp. 62–78.

[112] S. Krevor, M. J. Blunt, S. M. Benson, C. H. Pentland, C. Reynolds, A. Al-Menhali,
and B. Niu. “Capillary trapping for geologic carbon dioxide storage–From pore
scale physics to field scale implications”. In: International Journal of Green-
house Gas Control 40 (2015), pp. 221–237.

[113] R. Juanes, E. Spiteri, F. Orr Jr, and M. Blunt. “Impact of relative permeability
hysteresis on geological CO2 storage”. In: Water resources research 42.12 (2006).

[114] W. Gunter, E. Perkins, and I. Hutcheon. “Aquifer disposal of acid gases: mod-
elling of water–rock reactions for trapping of acid wastes”. In: Applied geo-
chemistry 15.8 (2000), pp. 1085–1095.

[115] S. Bachu, W. Gunter, and E. Perkins. “Aquifer disposal of CO2: hydrodynamic
and mineral trapping”. In: Energy Conversion and management 35.4 (1994),
pp. 269–279.

[116] H. Cao. Development of techniques for general purpose simulators. Stanford
University, 2002.

[117] L. Li and S. H. Lee. “Efficient field-scale simulation of black oil in a natu-
rally fractured reservoir through discrete fracture networks and homogenized
media”. In: SPE Reservoir evaluation & engineering 11.04 (2008), pp. 750–758.

[118] H. Hajibeygi, D. Karvounis, and P. Jenny. “A hierarchical fracture model for
the iterative multiscale finite volume method”. In: Journal of Computational
Physics 230.24 (2011), pp. 8729–8743.

[119] A. Danesh. PVT and phase behaviour of petroleum reservoir fluids. Vol. 47.
Elsevier, 1998.



8

136 REFERENCES

[120] H. Hassanzadeh, M. Pooladi-Darvish, A. M. Elsharkawy, D. W. Keith, and Y.
Leonenko. “Predicting PVT data for CO2–brine mixtures for black-oil simulation
of CO2 geological storage”. In: international journal of greenhouse gas control
2.1 (2008), pp. 65–77.

[121] H. Hajibeygi and H. A. Tchelepi. “Compositional multiscale finite-volume for-
mulation”. In: SPE Journal 19.02 (2014), pp. 316–326.

[122] J. E. Garcia. “Density of aqueous solutions of CO2”. In: Technical Report. LBNL
(2001).

[123] K. Coats, W. George, C. Chu, and B. Marcum. “Three-dimensional simula-
tion of steamflooding”. In: Society of Petroleum Engineers Journal 14.06 (1974),
pp. 573–592.

[124] O. Møyner and K.-A. Lie. “A multiscale restriction-smoothed basis method for
compressible black-oil models”. In: SPE Journal 21.06 (2016), pp. 2079–2096.

[125] O. Møyner and H. Tchelepi. “A multiscale restriction-smoothed basis method
for compositional models”. In: SPE reservoir simulation conference. SPE. 2017,
D031S009R003.

[126] A. Moncorgé, H. A. Tchelepi, and P. Jenny. “Modified sequential fully implicit
scheme for compositional flow simulation”. In: Journal of Computational Physics
337 (2017), pp. 98–115.

[127] A. Moncorgé, H. A. Tchelepi, and P. Jenny. “Sequential fully implicit formulation
for compositional simulation using natural variables”. In: Journal of Computa-
tional Physics 371 (2018), pp. 690–711.

[128] R. Younis. “Advances in modern computational methods for nonlinear prob-
lems; a generic efficient automatic differentiation framework, and nonlinear
solvers that converge all the time”. PhD thesis. Stanford University USA, 2009.

[129] M. Cusini. “Dynamic Multilevel Methods for Simulation of Multiphase Flow
in Heterogeneous Porous Media”. PhD thesis. Delft University of Technology,
2019.

[130] S. M. HosseiniMehr. “Scalable simulation models for fractured porous media
with complex geometries”. PhD thesis. Delft University of Technology, 2021.

[131] S. Albawi, T. A. Mohammed, and S. Al-Zawi. “Understanding of a convolutional
neural network 2017 International Conference on Engineering and Technology
(ICET)”. In: New York. IEEE (2017), pp. 1–6.

[132] V. Badrinarayanan, A. Kendall, and R. Cipolla. “Segnet: A deep convolutional
encoder-decoder architecture for image segmentation”. In: IEEE transactions
on pattern analysis and machine intelligence 39.12 (2017), pp. 2481–2495.

[133] O. Ronneberger, P. Fischer, and T. Brox. “U-net: Convolutional networks for
biomedical image segmentation”. In: Medical image computing and computer-
assisted intervention–MICCAI 2015: 18th international conference, Munich, Ger-
many, October 5-9, 2015, proceedings, part III 18. Springer. 2015, pp. 234–241.



REFERENCES

8

137

[134] K. He, X. Zhang, S. Ren, and J. Sun. “Deep residual learning for image recog-
nition”. In: Proceedings of the IEEE conference on computer vision and pattern
recognition. 2016, pp. 770–778.

[135] K. He, X. Zhang, S. Ren, and J. Sun. “Identity mappings in deep residual net-
works”. In: Computer Vision–ECCV 2016: 14th European Conference, Amster-
dam, The Netherlands, October 11–14, 2016, Proceedings, Part IV 14. Springer.
2016, pp. 630–645.

[136] D. Maturana and S. Scherer. “Voxnet: A 3d convolutional neural network for
real-time object recognition”. In: 2015 IEEE/RSJ international conference on in-
telligent robots and systems (IROS). IEEE. 2015, pp. 922–928.

[137] D. Brüggemann, M. Kanakis, A. Obukhov, S. Georgoulis, and L. Van Gool. “Ex-
ploring relational context for multi-task dense prediction”. In: Proceedings of
the IEEE/CVF international conference on computer vision. 2021, pp. 15869–
15878.

[138] I. Misra, A. Shrivastava, A. Gupta, and M. Hebert. “Cross-stitch networks for
multi-task learning”. In: Proceedings of the IEEE conference on computer vision
and pattern recognition. 2016, pp. 3994–4003.

[139] S. Vandenhende, S. Georgoulis, W. Van Gansbeke, M. Proesmans, D. Dai, and
L. Van Gool. “Multi-task learning for dense prediction tasks: A survey”. In: IEEE
transactions on pattern analysis and machine intelligence 44.7 (2021), pp. 3614–
3633.

[140] Z. Zhang, Z. Cui, C. Xu, Y. Yan, N. Sebe, and J. Yang. “Pattern-affinitive propaga-
tion across depth, surface normal and semantic segmentation”. In: Proceedings
of the IEEE/CVF conference on computer vision and pattern recognition. 2019,
pp. 4106–4115.

[141] A. R. Zamir, A. Sax, N. Cheerla, R. Suri, Z. Cao, J. Malik, and L. J. Guibas. “Ro-
bust learning through cross-task consistency”. In: Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. 2020, pp. 11197–11206.

[142] N. Remy, A. Boucher, and J. Wu. Applied geostatistics with SGeMS: A user’s
guide. Cambridge University Press, 2009.

[143] R. Hecht-Nielsen. “Theory of the backpropagation neural network”. In: Neural
networks for perception. Elsevier, 1992, pp. 65–93.

[144] D. P. Kingma and J. Ba. “Adam: A method for stochastic optimization”. In: arXiv
preprint arXiv:1412.6980 (2014).

[145] Z. Zhang, Y. Wang, C. Vuik, and H. Hajibeygi. “An efficient simulation approach
for long-term assessment of CO2 storage in complex geological formations”.
In: SPE Reservoir Characterisation and Simulation Conference and Exhibition.
SPE. 2023, D022S008R007.

[146] C. Ruprecht, R. Pini, R. Falta, S. Benson, and L. Murdoch. “Hysteretic trap-
ping and relative permeability of CO2 in sandstone at reservoir conditions”.
In: International Journal of Greenhouse Gas Control 27 (2014), pp. 15–27.



8

138 REFERENCES

[147] X. Shi, Z. Chen, H. Wang, D.-Y. Yeung, W.-K. Wong, and W.-c. Woo. “Convolu-
tional LSTM network: A machine learning approach for precipitation nowcast-
ing”. In: Advances in neural information processing systems 28 (2015).

[148] S. Hochreiter and J. Schmidhuber. “Long short-term memory”. In: Neural com-
putation 9.8 (1997), pp. 1735–1780.

[149] P. Ramachandran, B. Zoph, and Q. V. Le. “Searching for activation functions”.
In: arXiv preprint arXiv:1710.05941 (2017).

[150] J. M. Nordbotten and M. A. Celia. “Similarity solutions for fluid injection into
confined aquifers”. In: Journal of Fluid Mechanics 561 (2006), pp. 307–327.

[151] Z. Zhang, X. Yan, P. Liu, K. Zhang, R. Han, and S. Wang. “A physics-informed
convolutional neural network for the simulation and prediction of two-phase
Darcy flows in heterogeneous porous media”. In: Journal of Computational
Physics 477 (2023), p. 111919.

[152] M. Zhao, M. Gerritsma, M. Al Kobaisi, and H. Hajibeygi. “Algebraic dynamic
multilevel (ADM) method for CO2 storage in heterogeneous saline aquifers”.
In: Journal of Computational Physics 539 (2025), p. 114202.

[153] Y. Wang, H. Hajibeygi, and H. A. Tchelepi. “Algebraic multiscale solver for flow
in heterogeneous porous media”. In: Journal of Computational Physics 259
(2014), pp. 284–303.

[154] M. T. Elenius, J. M. Nordbotten, and H. Kalisch. “Convective mixing influenced
by the capillary transition zone”. In: Computational Geosciences 18 (2014),
pp. 417–431.

[155] J. M. Nordbotten, M. Fernø, B. Flemisch, A. R. Kovscek, and K.-A. Lie. “The
11th Society of Petroleum Engineers Comparative Solution Project: Problem
Definition”. In: SPE Journal (2024).

[156] J. Nordbotten, M. Fernø, B. Flemisch, R. Juanes, and M. Jørgensen. “Final
benchmark description: FluidFlower international benchmark study”. In: Zen-
odo (2022).

[157] E. W. Lemmon. “Thermophysical properties of fluid systems”. In: NIST chem-
istry WebBook (2010).

[158] H. Abdoulghafour, M. Sarmadivaleh, L. P. Hauge, M. Fernø, and S. Iglauer.
“Capillary pressure characteristics of CO2-brine-sandstone systems”. In: Inter-
national Journal of Greenhouse Gas Control 94 (2020), p. 102876.

[159] M. J. Oak, L. E. Baker, and D. Thomas. “Three-phase relative permeability of
Berea sandstone”. In: Journal of petroleum technology 42.08 (1990), pp. 1054–
1061.

[160] M. T. Van Genuchten. “A closed-form equation for predicting the hydraulic
conductivity of unsaturated soils”. In: Soil science society of America journal
44.5 (1980), pp. 892–898.

[161] J. R. Fanchi. Principles of applied reservoir simulation. Elsevier, 2005.



REFERENCES

8

139

[162] M. A. Christie and M. J. Blunt. “Tenth SPE comparative solution project: A com-
parison of upscaling techniques”. In: SPE Reservoir Evaluation & Engineering
4.04 (2001), pp. 308–317.





CURRICULUM VITÆ

Mengjie ZHAO

11-04-1996 Born in Henan, China.

EDUCATION
2014–2018 China University of Petroleum (East China), Qingdao, China

Bachelor of Petroleum Engineering

2018–2021 China University of Petroleum (East China), Qingdao, China
Master of Oil and Gas Field Development Engineering

2021–2025 Delft University of Technology, Delft, the Netherlands
Ph.D. in Flow Physics and Technology
Promotor: Dr. ir. M.I. Gerritsma & Prof. dr. H. Hajibeygi

141





LIST OF PUBLICATIONS

JOURNAL PAPERS

4. M. Zhao, R. Haagenson, M. Gerritsma, H. Hajibeygi, Multiscale projection-based em-
bedded discrete fracture modeling approach for CO2 storage in deep saline aquifers,
Advances in Water Resources, 207, (2026) 105200.

3. M. Zhao, M. Gerritsma, M. Al Kobaisi, H. Hajibeygi, Algebraic dynamic multilevel (ADM)
method for CO2 storage in heterogeneous saline aquifers, Journal of Computational
Physics, 539, (2025) 114202.

2. M. Zhao, Y. Wang, M. Gerritsma, H. Hajibeygi, A physics-constraint neural network
for CO2 storage in deep saline aquifers during injection and post-injection periods,
Advances in Water Resources, 193, (2024) 104837.

1. M. Zhao, Y. Wang, M. Gerritsma, H. Hajibeygi, Efficient simulation of CO2 migration

dynamics in deep saline aquifers using a multi-task deep learning technique with con-

sistency, Advances in Water Resources, 178, (2023) 104494.

ORAL PRESENTATIONS AND EVENTS

3. A neural network model with physics constraints for simulating CO2 storage in deep
saline aquifers during and after injection. Talk at InterPore conference in Qingdao,
China. 13 - 16 May 2024.

2. A robust and efficient deep-learning-based surrogate model for CO2 storage in deep
saline aquifers. Talk at InterPore conference in Edinburgh, Scotland. 22 - 25 May 2023.

1. Fast Modeling CO2 Migration Dynamics System with Deep Learning Methods. Poster

presentation at the Woudschoten Conference in Zeist, The Netherlands. 5 - 7 October

2022.

143

https://doi.org/10.1016/j.advwatres.2025.105200
https://doi.org/10.1016/j.advwatres.2025.105200
https://doi.org/10.1016/j.jcp.2025.114202
https://doi.org/10.1016/j.jcp.2025.114202
https://doi.org/10.1016/j.advwatres.2024.104837
https://doi.org/10.1016/j.advwatres.2024.104837
https://doi.org/10.1016/j.advwatres.2023.104494
https://doi.org/10.1016/j.advwatres.2023.104494
https://doi.org/10.1016/j.advwatres.2023.104494




ACKNOWLEDGEMENTS

I am deeply grateful for the invaluable support, guidance, and encouragement I have
received from so many people throughout this remarkable four-year journey. Reflect-
ing on my time at TU Delft, I feel incredibly fortunate for the people I have met, and
the experiences I have gained. Writing this section gives me a rare opportunity to
pause and express my sincere gratitude to all who made this journey possible.

First and foremost, I would like to thank my promotors, Dr. Marc Gerritsma and
Prof. Hadi Hajibeygi, for giving me the opportunity to come to the Netherlands and
pursue my PhD. Thank you for believing in my potential from the very beginning and
for offering me this unique chance. Your passion for research and teaching, as well
as the commitment to your work, have been a constant source of motivation and
inspiration. Dear Hadi, your energy, optimism, and drive have continuously pushed
me forward. You helped me believe in my capabilities, and your encouragement has
meant more than I can say. Dear Marc, your insightful guidance and dedication have
shaped every step of this work. The time you spent discussing ideas with me, helping
me find answers, and improving the quality of my work is beyond measure. What an
incredible journey we have shared. I truly cannot thank you enough for your patience
and all the support you have given me.

My gratitude goes also to Prof. Cornelis (Kees) Vuik, Prof. Samuel Krevor, Prof.
Andreas Busch, Prof. Sebastian Geiger, and Dr. Yuhang Wang for being part of my
PhD committee, and Dr. Denis Voskov as the reserve member. I also would like to
thank Dr. Matthias Möller and Dr. Anh Khoa Doan for being in the committee of
my Go/No-Go assessment in the first year.

To all members of the ADMIRE group, thank you for creating such a welcoming
and inspiring work environment. A special thank you to Dr. Yuhang Wang, thank
you for selecting me from among many candidates and giving me this opportunity.
Your support, both in research and daily life, has been instrumental. We’ve shared
many valuable discussions, and your advice on academic and personal, has always
been thoughtful and encouraging. Willemijn, thank you for going through most of
this journey together. We started our PhDs around the same time, and your generous
help made many things much easier. I also appreciate your contributions to the
group, and I will never forget the joyful time we had at the InterPore conference in
Qingdao. Dr. Fanxiang Xu, thank you for inviting me to be your paranymph, and
for always looking out for me like an older brother. Dr. Maartje Boon, thank you
for giving me the opportunity to chair a session at InterPore. It was an important
step for me and helped boost my confidence. Ryan, Artur, and Amin, it was such a

145



146 ACKNOWLEDGEMENTS

pleasure working with you in the final year. Thank you for your kindness, patience,
and all the enjoyable discussions we shared. Herminio, Kishan, Leila, Thejas, the
InterPore conference in Edinburgh was of a much special experience for me. Naomi,
Mohammad Saeed, Mathias, Sijmen, Filipe, Milad, Tim, Ziliang, Sara, thank you for
all the great moments we shared in our group meetings, the Denmark summer school,
and other events. It has been a privilege to grow alongside you all.

I would also like to thank my colleagues in the Department of Flow Physics and
Technology. Special thanks to our department secretary, Colette, for always being re-
sponsive and helpful. Ata, Wencan and Guanqun, thank you for walking this research
journey together. Varun, Yi, and Xiaodong, I appreciate your early support when I
was just beginning my PhD. To Renzhi, Ruiying, Yifu, Aneek, Tyler, Thomas, Jane,
Haris, Andrea, Babak, Max, Sajad, Suyash, Kherlen, Sara, Luuk, Adrian, Joel, Marco,
Kevin, and Brian, thank you for sharing the office. Even though my research interests
are quite different and we did not have many chances to discuss research, you were
consistently kind and welcoming. I am especially grateful to Kherlen, since our home
countries are close, it was always a pleasure to share conversations about familiar
places. I would also like to thank Renzhi for helping me with remote access when-
ever I worked from home. Special thanks to Tyler for organizing the Thanksgiving
dinner every year.

Over these years, I have also been incredibly fortunate to have a close group of
friends who supported me in every possible way. Guofeng, Lifei, Kai, Fanxiang, Shi-
hao, Bing, Wencan, Jianxin, Ziliang, and Jing, thank you for all the time we spent
together, all the activities and laughter we shared. Thank you for always being there
for me, especially during the difficult times. Your encouragement, advice, and com-
panionship meant so much. I will forever cherish our carefree nights playing Avalon
game those were some of my happiest moments. Shihao and Wencan, we started this
journey together when we came to the Netherlands, and I am truly grateful to have
shared this experience with you both. To all my friends, I hope we will continue to
stay in touch, even if life takes us to different places. I look forward to the day when
we can all look back together and cheer to the wonderful memories we have made.

Hang, my boyfriend, your love has been my greatest source of strength. I feel in-
credibly lucky to have met you and to have started a new chapter of my life with
you. All the adventures we shared, our trips in the Netherlands, and to the United
Kingdom, Denmark and especially Norway, were all truly unforgettable. Your love mo-
tivates me every day, and I am excited for the future and for wherever life takes us
next. Thank you for your patience and support throughout my PhD journey.

Finally, I would like to express my deepest gratitude to my family. To my parents, my
sister, and our beloved dogs, thank you for your unconditional love and support. Mom
and Dad, thank you for always giving me the strength to overcome every challenge
and for supporting my decisions, no matter how far they took me from home.

Mengjie Zhao
Delft, July 2025




	Contents
	Summary
	Preface
	Introduction
	Overview of CO2 geological storage
	The role of computation models
	Challenges
	Modeling techniques
	Surrogate modeling
	Numerical simulation

	Research goals
	Thesis outline

	Fundamentals of CO2-brine multiphase flow
	Mass conservation equations
	Immiscible multiphase flow
	Multiphase multicomponent flow in porous media
	Multiphase multicomponent flow in fractured porous media

	Thermodynamic equilibrium
	Phase partitioning and K-value
	Equilibrium constants and fugacity formulation
	Equation of state

	Trapping mechanisms
	Structural and stratigraphic trapping
	Dissolution trapping
	Residual trapping
	Mineral trapping


	Numerical simulation strategy
	Fine-scale formulations
	Overall-composition formulation
	Fine-scale discrete system in porous media
	Fine-scale discrete system in fractured porous media

	Flash calculations
	Stability check
	Equilibrium models

	Coupling and linearization
	Solution strategy in porous media
	Solution strategy in fractured porous media


	Multi-task deep learning with consistency for CO2 migration
	Problem definition
	Fine-scale formulation
	Surrogate modeling for CCS

	Neural network architectures
	Single-task learning (STL)
	Residual neural network (ResNet)
	Multi-task learning (MTL)
	Multi-task learning with consistency (MTLC)

	Numerical experiments and results
	Datasets generation
	Training procedures
	Training and testing results
	Performance comparison
	Uncertainty modeling

	Conclusions

	A physics-constrained neural network for full-cycle migration
	Problem definition
	Dissolution
	Capillarity

	Model architecture and training formulation
	ConvLSTM
	Auto-regressive model for CCS
	Network architecture: CO2PCNet
	Loss function

	Numerical experiments and results
	Dataset generation
	Baseline model setup
	Evaluation metrics
	Forecasting future responses
	Forecasting future responses with new permeability fields
	Performance comparisons

	Discussions and Conclusions

	ADM method for CO2 storage
	Fine-scale solver settings
	ADM Method for CO2 Storage
	Adaptive selection of multilevel grids
	Solution strategy
	Basis functions

	Numerical results
	Test case 1: Validation of ADM
	Test case 2: Scalability evaluation in 3D aquifers
	Test case 3: SPE 11A at laboratory conditions
	Test case 4: SPE 11B at reservoir conditions

	Conclusions

	Multiscale simulation of CO2 storage in fractured aquifers
	pEDFM-ADM for CO2 storage
	Adaptive selection of multilevel grids
	Solution strategy
	Fracture multilevel multiscale basis functions

	Numerical results
	Test Case 1: Impacts of fractures
	Test Case 2: Validation of pEDFM-ADM
	Test Case 3: Fractures with complex geometries
	Test Case 4: Heterogeneous aquifer with mixed-conductivity fractures

	Conclusions

	Conclusions and future work
	Conclusions
	Recommendations for future work

	Curriculum Vitæ
	List of Publications
	Acknowledgements

