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Abstract

Rising atmospheric CO, levels pose a critical challenge to achieving global sustainability
targets. Geological carbon sequestration (GCS) offers a long-term solution for reducing
greenhouse gas emissions, but its large-scale deployment faces limitations in cost, uncer-
tainty, and operational risk. Recent advances in machine learning (ML) present transforma-
tive opportunities to enhance every stage of the carbon capture and storage (CCS) lifecycle,
from pre-injection evaluation to post-injection monitoring. This review systematically
examines ML integration in CCS applications, emphasizing roles in geological charac-
terization, injection optimization, plume prediction, and leakage detection. It provides
a structured overview of ML methodologies including Random Forest, Support Vector
Regression, and XGBoost, along with emerging deep learning models used for anomaly
detection and uncertainty quantification. Experimental insights, monitoring techniques,
and real-time data applications are summarized to illustrate ML'’s capability in accelerating
simulations, reducing costs, and increasing safety assurance. Furthermore, real-world case
studies such as Sleipner (Norway), Illinois Basin—Decatur (USA), Boundary Dam (Canada),
Gorgon (Australia), and Quest (Canada) demonstrate how ML has enhanced performance,
predictive accuracy, and storage reliability in field-scale CCS projects. The review concludes
by identifying existing challenges, data scarcity, interpretability, and regulatory integration,
and proposes a unified ML framework for scalable, autonomous, and secure CO; storage.
Overall, this study provides a comprehensive roadmap for leveraging artificial intelligence
to achieve reliable, cost-effective, and sustainable carbon management solutions aligned
with global net-zero objectives.

Keywords: carbon capture and storage; machine learning; geological sequestration;
injection optimization; anomaly detection; post-injection monitoring

1. Introduction

Rising atmospheric concentrations of carbon dioxide (CO,) pose one of the most
critical challenges to achieving global environmental sustainability. As a major greenhouse
gas, CO; contributes nearly 30% of total emissions and remains a principal driver of global
warming. The primary sources of these emissions are the combustion of petroleum products
and coal, which also exacerbate environmental degradation through acid rain formation.
Despite decades of international awareness campaigns and climate conferences, such as
the Munich Climate Conference, efforts to curb emissions have yielded limited progress.
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Since renewable and low-carbon energy sources alone cannot fulfill the world’s net-zero
emission targets, alternative strategies such as geological carbon sequestration (GCS) have
become increasingly vital. Meanwhile, recent advances in machine learning (ML) present
powerful tools to enhance the efficiency, reliability, and predictive capability of GCS systems.
Accordingly, this introduction outlines (1) the environmental challenge and the rationale
for adopting GCS, (2) the potential role and benefits of ML in CO, sequestration, and
(3) the motivation, challenges, and objectives of this study. The overall framework of the
research, illustrating how ML methods integrate across the carbon capture and storage
(CCS) lifecycle from pre-injection evaluation to post-injection monitoring, is depicted in
Figure 1.
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Figure 1. Study framework illustrating the integration of machine learning across the carbon capture
and storage (CCS) lifecycle.

To establish a clear framework for understanding how machine learning (ML) inte-
grates across the various stages of the carbon capture and storage (CCS) lifecycle, this
review is structured into six major sections. Section 2 provides a detailed examination
of ML applications in pre-injection evaluation and site selection, emphasizing geological
characterization, storage capacity estimation, and risk assessment techniques. Section 3
addresses injection and storage optimization, with particular focus on surrogate modeling,
reinforcement learning, and hybrid methodologies designed to enhance injection strategies
and reservoir management. Section 4 investigates post-injection monitoring and leakage
detection, highlighting ML-driven anomaly detection frameworks, environmental risk
assessments, and subsurface data interpretation. Section 5 reviews real-world case studies,
including the Sleipner, Illinois Basin—Decatur, and Boundary Dam projects, to demonstrate
the practical benefits, challenges, and outcomes of ML applications in CCS operations.
Finally, Section 6 presents the overall conclusions, synthesizing the main insights discussed
throughout the paper and identifying future research priorities essential for achieving
scalable, autonomous, and cost-effective CCS solutions. This structured organization offers
a holistic view of the rapidly advancing role of ML in enhancing the efficiency, safety, and
sustainability of carbon sequestration projects.
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1.1. The Environmental Challenge and the Role of Geological Carbon Sequestration

The continued dependence on fossil fuels, driven by industrial growth and global eco-
nomic competition, has resulted in a persistent increase in CO, emissions. These emissions
are the principal drivers of climate change and contribute to transboundary environmental
challenges such as ocean acidification and air pollution. Although numerous international
initiatives have sought to curb CO, emissions, their progress has been constrained by
economic, political, and logistical barriers.

In parallel with the global transition toward cleaner energy sources, geological carbon
sequestration (GCS) has emerged as a promising strategy to mitigate atmospheric CO,
accumulation. GCS entails the long-term storage of carbon dioxide within deep subsurface
geological formations, including saline aquifers, depleted oil and gas reservoirs, and
unmineable coal seams.

The injected CO, can be securely retained through several trapping mechanisms, as
illustrated in Figure 2:

1. Structural trapping, in which CO; is physically confined beneath impermeable caprocks;

2. Residual trapping, where CO, becomes immobilized within pore spaces by capillary forces;

3. Solubility trapping, through which CO;, dissolves into formation water;

4. Mineral trapping, where CO, reacts with host rock minerals to form stable carbonate
compounds [1].
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Figure 2. Trapping mechanisms of carbon dioxide (CO5,).

Certain storage mechanisms necessitate comprehensive site characterization, particu-
larly regarding porosity, permeability, fracture pressure, and caprock integrity, to ensure
adequate storage capacity and to prevent potential CO; leakage [2—4].
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1.2. The Role of Machine Learning in Carbon Storage: Capabilities and Challenges

Artificial intelligence (AI) has opened new avenues for optimizing carbon dioxide
sequestration, with machine learning (ML) emerging as one of the most relevant and
transformative domains. ML algorithms enable the energy industry to efficiently process
large datasets, uncover hidden patterns, and make high-speed predictions. In the context
of geological carbon sequestration (GCS), ML offers several advantages over conventional
reservoir simulation tools, which often demand extensive subsurface data and significant
computational resources. Based on the learning approach employed, ML methods can be
broadly categorized into two main types:

1. Supervised learning, which relies on labeled input-output datasets to predict target
variables such as CO; trapping efficiency;

2. Unsupervised learning, which identifies hidden structures or anomalies within data
that may indicate potential leakage pathways or geological instabilities [5-7].

Machine learning has proven particularly effective in real-time monitoring systems,
where it can detect irregular pressure signals, fluid flow anomalies, and induced seismicity
by analyzing seismic and geophysical sensor data [7]. ML techniques can also optimize
injection strategies by recommending optimal pressure levels and injection rates, thereby
minimizing fracture risks while improving overall process efficiency [8].

Recent studies have demonstrated the predictive capabilities of ML in modeling
CO; behavior. For instance, Menad et al. [9] employed artificial neural networks (ANNs)
to predict CO; solubility in brine aquifers with high accuracy. Similarly, Mahdaviara
et al. [10], Al-Mudhafar [11], Jeong et al. [12], and Ganesh and Mishra [13] utilized various
ML approaches, such as multivariate regression, support vector regression (SVR), and
adaptive splines, to forecast CO; injection performance and storage efficiency. Zhang
et al. [14] applied the Extreme Gradient Boosting (XGBoost) algorithm to estimate the
optimal injection depth in saline formations. Recent large-scale comparative studies have
further validated XGBoost’s superiority for CCS applications. Vo Thanh and Lee [15]
conducted a comprehensive study using 1509 field-scale simulation samples from the
global literature. They compared XGBoost, Random Forest (RF), and Support Vector
Regression (SVR). Their results demonstrated that XGBoost consistently outperformed
both RF and SVR, achieving an extremely low root mean square error (RMSE = 0.0041) and
a high correlation factor (R? = 0.9993) for both residual and solubility trapping efficiency.
Critically, this study emphasized that using global field data rather than synthetic reservoir
models significantly enhances model generalizability and practical applicability, a key
consideration for real-world CCS projects. Figure 3 categorizes the primary ML algorithm
families commonly used in CO, modeling and prediction:

1. Linear models;

2. Decision tree methods (e.g., Random Forest);

3. Neural network architectures (e.g., ANN);

4.  Ensemble methods (e.g., XGBoost, which integrates multiple weak learners to achieve
strong predictive performance).

Beyond predicting CO, trapping efficiency, machine learning has been successfully
applied to optimize cement formulations for CCS wells. Alsubaih et al. [16] developed
a knowledge-guided ML framework using ensemble learning models (Random Forest,
Gradient Boosting, AdaBoost, XGBoost, and CatBoost) to predict compressive strength and
thermal stability of cement formulations for geothermal and CO, storage wells. Using a
dataset of over 360 laboratory cement tests, CatBoostRegressor achieved superior predictive
performance with a test R? of 0.9873 and RMSE of 9.92 °C. The optimized formulations
achieved predicted compressive strengths exceeding 7000 psi and temperature suitability
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above 300 °C, demonstrating that ML can accelerate the design of thermally resilient cement
systems for extreme subsurface environments.
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Figure 3. Machine learning algorithms in carbon sequestration.

Despite these advancements, several challenges have limited the widespread applica-
tion of ML in GCS. Many models are trained on data derived from homogeneous synthetic
reservoirs, making them less applicable to the complexity of real-world geological systems.
Additionally, subsurface datasets are often heterogeneous, expensive to obtain, and limited
in quantity, reducing model generalizability.

Although deep learning models exhibit strong predictive capabilities, they are often
regarded as “black boxes” raising concerns about their interpretability and trustworthiness
in safety-critical applications such as CO, storage [17]. Figure 4 provides a comparative
radar chart of six ML algorithm families across five critical dimensions: predictive accuracy,
interpretability, data efficiency, computational cost, and regulatory acceptance. Further-
more, large-scale implementation of ML solutions faces infrastructural, computational, and
regulatory challenges, including high computational costs, integration difficulties with
legacy CCS systems, and inconsistent policy frameworks across regions [12,13].

1.3. Research Motivation, Objectives, and Study Framework

Conventional compositional reservoir simulations can effectively model fluid be-
havior and CO; trapping mechanisms, particularly residual and solubility trapping, as
demonstrated in several previous studies [9,12-14,18-20]. However, the computational
time required for field-scale models, which often consist of millions of grid blocks, is
prohibitively high, rendering their implementation both technologically and economically
challenging. Producing a reliable forecast of CO; trapping efficiency can take several days
or even weeks. These challenges underscore the need for efficient surrogate modeling
techniques capable of drastically reducing computational cost and simulation time, an area
where machine learning (ML) has demonstrated significant potential [21-25].
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Figure 4. Comparative trade-off analysis of machine learning algorithms for CCS applications. Radar
chart comparing six algorithm families across five dimensions: predictive accuracy (R? from CCS
literature), interpretability (model transparency), data efficiency (performance with limited training
data), computational cost (training time and resources), and regulatory acceptance (suitability for
safety-critical decisions). XGBoost and deep learning methods achieve the highest accuracy (R? > 0.97)
but suffer from low interpretability. Random Forest offers the best balance (R? ~ 0.91 with high
interpretability), making it suitable for regulatory-sensitive applications such as site selection and

risk assessment.

Despite their promise, most existing ML models have been developed using synthetic
or oversimplified datasets, which limits their applicability to the complex geological realities
of actual storage sites. To address this gap, the present study emphasizes training ML
models on real-world field data compiled from the literature and global CCS case studies.
In this research, three widely adopted ML algorithms were examined:

1. Random Forest (RF), recognized for its interpretability and robustness when handling
large, noisy datasets [9,14,18-20];

2. Support Vector Regression (SVR), known for its capability to model complex nonlinear
regression relationships [12,13];

3.  Extreme Gradient Boosting (XGBoost), a high-performance boosting technique that
delivers superior accuracy and strong resistance to overfitting [14,20-23].

The complete workflow adopted in this study is illustrated in Figure 1, which outlines
the methodology in sequential stages: data acquisition and preprocessing, ML model
selection, training and prediction, and performance evaluation of CO; injection outcomes.
This framework integrates geological, physical, and algorithmic components to enable fast
and accurate estimation of sequestration efficiency.

The main objectives of this research are as follows:
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1. To develop a comprehensive synthesis of ML applications across the CCS lifecycle,
encompassing site selection, injection optimization, and post-injection monitoring;

2. Tobuild an inventory and classification of CCS datasets used in ML studies, identifying
geological, petrophysical, and dynamic features relevant for model training;

3. To compare and evaluate ML algorithms such as RF, SVR, and XGBoost in predicting
CO; storage potential under varying subsurface conditions;

4.  To assess the effectiveness of ML tools in reducing simulation time, identifying real-
time anomalies, and improving CO, plume management;

5. To examine global CCS case studies demonstrating ML deployment, extracting practi-
cal insights and lessons for future projects;

6. To evaluate the long-term sustainability of CO; storage, emphasizing ML’s role in
uncertainty quantification, risk assessment, and decision support frameworks.

This research ultimately aligns with the global transition toward carbon-neutral energy
systems. According to the Global CCS Institute, as of 2025, 79 commercial CCS plants
are in operation worldwide, with more than 628 projects under development, an increase
of over 60% within two years. Collectively, these facilities capture more than 50 million
tonnes of CO, annually; however, achieving global net-zero targets will require increasing
this capacity to approximately 1.3 billion tonnes per year by 2050. Machine learning
has the potential to transform this trajectory by enabling data-driven site evaluation,
reducing operational costs, and improving system integrity through real-time monitoring
and predictive analytics. Recent studies have shown that ML systems can reduce CO,
capture costs by 20-30%, improve the accuracy of leak detection, and accelerate decision-
making across integrated subsurface, seismic, and operational datasets [24-32].

Despite the growing body of literature on ML applications in CCS, significant gaps
remain. As shown through a systematic comparison with five previous reviews (Section 1.4;
Table 1), existing reviews exhibit fragmented scope, limited critical analysis of ML trade-
offs, insufficient field-scale validation, and a lack of unified frameworks that connect
algorithm selection to operational decision-making and regulatory requirements. Further-
more, the reliance on synthetic datasets in many ML studies, while a common limitation,
has not been systematically addressed in the review literature through a framework that
guides practitioners in selecting appropriate ML methods based on data availability and
application context. This review addresses these gaps by providing a comprehensive,
lifecycle-oriented synthesis that integrates critical algorithm evaluation, field-scale case
studies, and a practical decision-support framework for CCS practitioners.

Table 1. Comparison of this review with previous reviews on ML in CCS.

Review Scope ML Methods Covered  Case Studies Unique Contribution

General ML for CO, .
Gupta and Li sequestration, storage, Overview of RF, ANN, Limited E;Sc?si Eiifieé?:ﬁsosaﬁi
(2022) [33] transport, and SVM, XGBoost .

e chain

utilization
Rehman and Lal ML in CO, RF, ANN, SVM, deep Limited Focus on flow assurance
(2023) [34] sequestration learning and production

.. . Quantitative comparison

oThandLee Mo COsdore oo psvk U0 G s g

p P global field data
Alsubaih et al. Well integrity and Ensemble learning Limited Focus on cement
(2025) [35] digital twins (CatBoost, XGBoost) integrity, digital twins
Yan et al. (2022) [36] Deep learning for FNO, CNN, LSTM Limited Deep learning surrogates

plume prediction

for multiphase flow
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Table 1. Cont.
Review Scope ML Methods Covered  Case Studies Unique Contribution
Unified ML framework;
Full CCS lifecycle RE, SVR, XGBoost, 7 ﬁe.ld—scale projects critical algorlthrp
... (Sleipner, IBDP, trade-off analysis;
. . (pre-injection — GPR, ANN, CNN, )
This Review S Boundary Dam, regulatory acceptance;
injection — LSTM, FNO, ensemble T dioital twin i S
ost-injection) methods Gorgon, Quest, Teapot igital twin integration;
P Dome, orphan wells) legacy well risk
assessment

1.4. Comparison with Previous Reviews

To establish the novelty and contribution of this review, it is essential to position it
relative to existing comprehensive reviews on machine learning in carbon capture and
storage. Table 1 provides a structured comparison of this work with five representative
review papers, evaluated across four dimensions: scope (CCS lifecycle stages covered), ML
methods discussed, case study integration, and unique contributions.

As summarized in Table 1, previous reviews exhibit several limitations that this
work addresses:

1. Fragmented scope: Most existing reviews focus on isolated CCS stages, either
pre-injection characterization [35], injection optimization [34], or post-injection
monitoring [37], without providing an integrated lifecycle perspective. This review
systematically examines ML applications across all three stages, emphasizing their
interconnections and cumulative value.

2. Limited critical analysis of ML trade-offs: While previous reviews describe ML algo-
rithms and their reported accuracies, few critically examine the trade-offs between ac-
curacy, interpretability, data efficiency, computational cost, and regulatory acceptance,
a dimension essential for practical deployment in safety-critical CCS applications. This
review provides a structured comparative analysis (Figure 4) of these trade-offs across
six algorithm families.

3.  Insufficient field-scale validation: Most reviews rely heavily on synthetic or laboratory-
scale studies, with limited integration of real-world CCS project experiences. This
review synthesizes lessons from seven field-scale projects (Sleipner, Illinois Basin-
Decatur, Boundary Dam, Gorgon, Quest, Teapot Dome, and orphan well risk assess-
ment), providing practical insights for operators and regulators.

4. Lack of unified framework: No previous review proposes a unified ML framework
that connects algorithm selection to specific CCS tasks, data availability, and regula-
tory requirements. This review addresses this gap by proposing a decision-support
framework that guides practitioners in selecting appropriate ML methods based on
their specific application context.

5. Limited coverage of emerging topics: Digital twin technology, Al-driven well integrity
monitoring, and legacy well risk assessment, critical for large-scale CCS deployment,
are underrepresented in previous reviews. This review dedicates dedicated subsec-
tions to these emerging applications.

Thus, while previous reviews provide valuable contributions to specific aspects of
ML in CCS, this review offers a comprehensive, critically analytical, and practice-oriented
synthesis that bridges the gap between ML research and CCS operational deployment.

2. Pre-Injection Analysis

Geological carbon sequestration (GCS) requires rigorous pre-injection analysis to
ensure long-term safety, operational efficiency, and regulatory compliance. This section
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provides a detailed overview of the three key components of pre-injection assessment:
reservoir characterization, capacity estimation, and storage site selection. Recent advances
in machine learning (ML) and geoscientific techniques are integrated into these domains,
offering a comprehensive review of current methodologies and research developments.

2.1. Reservoir Characterization

Accurate reservoir characterization is fundamental to identifying suitable geological
formations for CO, storage. It involves assessing rock properties such as porosity, per-
meability, heterogeneity, and caprock integrity, which collectively determine the storage
capacity and containment effectiveness of a formation [21]. In recent years, artificial intelli-
gence (Al) and ML have become increasingly important tools for managing large, complex
datasets and enhancing predictive modeling of subsurface behavior [22-24].

2.1.1. Geomechanical Properties and Their Role in Storage Integrity

The success of CO; sequestration projects depends critically on understanding key
geomechanical parameters that govern rock behavior under stress. Among these, Uncon-
fined Compressive Strength (UCS) represents the maximum axial stress a rock sample can
withstand under zero confining pressure before failure. UCS is fundamental to determining
safe injection pressures, as exceeding the UCS of reservoir or caprock formations can in-
duce fracturing, creating unintended leakage pathways [38]. Low UCS values particularly
increase the probability of fault reactivation under pressure, leading to microseismic events
or reservoir damage [39].

Young’s Modulus (E), the ratio of normal stress to strain within the proportional limit,
characterizes rock stiffness. Rocks with higher Young’s modulus exhibit greater resistance
to deformation under stress, which is advantageous for maintaining caprock integrity
during pressure cycling associated with CO, injection. Conversely, low Young’s modulus
values may require additional preventive measures such as casing optimization or reduced
injection rates to ensure long-term wellbore stability [40,41].

Poisson’s Ratio (v), which describes the ratio of lateral to axial strain under compres-
sion, plays a critical role in fracture pressure gradient prediction. Poisson’s ratio typically
increases with depth, ranging from 0.2 to 0.25 in shallow formations to approaching 0.5
in deeply compacted rocks. This variability directly affects horizontal stress magnitudes,
higher Poisson’s ratios correlate with greater horizontal stress, influencing fracture initia-
tion pressures and fault reactivation potential [42,43]. Accurate knowledge of Poisson’s
ratio is therefore essential for determining appropriate injection pressures and mud weight
windows during drilling operations [44].

Recent advances in understanding wellbore cement degradation under CO, expo-
sure have revealed the critical importance of coupled thermoporoelastic effects. Alsubaih
et al. [35] developed a fully coupled 3D thermoporoelastic model to simulate stress dis-
tribution within wellbore systems, integrating thermal and mechanical properties with
pressure and temperature boundary conditions to solve for hoop, radial, and axial stresses.
Their sensitivity analysis identified Young’s modulus and thermal expansion coefficient
of sandstone, casing, and cement as the most influential factors affecting stress compo-
nents, with variations in these properties leading to changes in radial stress exceeding 30%.
The study also incorporated chemical degradation effects using PHREEQC, simulating
dissolution and precipitation reactions that influence porosity, permeability, and mechan-
ical properties. This comprehensive thermo-hydro-chemo-mechanical (THCM) analysis
revealed that porosity and permeability dynamically evolve due to chemical reactions,
significantly influencing stress distribution and failure risks in the cement sheath.
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The integration of chemical degradation effects is particularly critical for CCS applica-
tions. Alsubaih et al. [35] demonstrated that self-healing cement formulations incorporating
Barite, Pozzolan, and Chalcedony can reduce porosity by 3-4% within 7-14 days through
the formation of calcium silicate hydrate (C-S-H) gels, enhancing crack sealing and me-
chanical resilience. Compared to conventional cement (which shows progressive porosity
increase exceeding 17% over time), these self-healing formulations maintained long-term
structural integrity under CO;-rich conditions, with saturation index trends confirming the
stability of key mineral phases (ECSH2 and Calcite).

Machine learning has emerged as a powerful tool for predicting these geomechanical
properties. Gowida et al. [45] demonstrated real-time UCS prediction while drilling using
artificial intelligence tools, achieving significant cost and time savings compared to tradi-
tional laboratory testing. Similarly, Siddig et al. [46] developed ANN and ANFIS models
for real-time Poisson’s ratio prediction from drilling parameters, achieving correlation
coefficients between 0.98 and 0.99 with errors of only 1-2%. These advances enable more
dynamic and responsive reservoir management during CCS operations.

2.1.2. Modern Scientific Methods

Advanced geophysical and geostatistical techniques have revolutionized the accu-
racy of reservoir characterization. Three-dimensional seismic imaging and other high-
resolution geophysical methods enable detailed mapping of structural traps and subsurface
heterogeneities [25]. Geostatistical modeling and petrophysical analyses, based on well log
and core data, provide valuable insights into pore structures and flow dynamics within the
reservoir [26].

ML algorithms, such as support vector regression (SVR), artificial neural networks
(ANNSs), and ensemble learning models, have proven particularly effective for interpo-
lating missing data and predicting parameters that are otherwise difficult to measure
directly [27-29]. In reservoir monitoring, convolutional neural networks (CNNs) have been
successfully applied to 4D seismic datasets for early detection of CO, migration pathways
and potential leakage zones [30]. Furthermore, predictive ML models developed using real-
time operational data can simulate various injection scenarios and recommend optimized
injection strategies [31].

2.1.3. Importance and Benefits

Robust reservoir characterization is essential for effective site selection, maximized
storage capacity, and minimized risks of leakage or induced seismicity. Integrating Al into
geological evaluations enables significant automation and efficiency, reducing both time
and cost while improving accuracy. This approach not only enhances the reliability of CO,
storage projects but also provides considerable economic and environmental benefits [32].

2.1.4. Challenges and Risks

Despite recent advancements, several challenges persist in achieving comprehensive
reservoir characterization. These include limited availability of high-quality geological data,
complex subsurface heterogeneities, and the high cost associated with data acquisition and
analysis [47]. Insufficient characterization can lead to underestimation of crucial risks, such
as caprock failure or lateral CO, migration, potentially compromising storage integrity [48].

2.1.5. Equipment and Tools

Reservoir characterization for CO, sequestration primarily involves the use of seismic
imaging tools to generate three-dimensional maps of subsurface formations and identify
structural features critical for CO, containment. Core-sample analysis is also essential for
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quantifying petrophysical properties such as porosity and permeability, which are vital for
static reservoir modeling.

Various reservoir flow simulation tools are widely used to model fluid flow mecha-
nisms, CO, plume migration, and trapping behavior under different injection scenarios.
These tools are now increasingly enhanced by Al-integrated platforms, which automate
data processing, improve simulation accuracy, and enable real-time detection of anomalies
in pressure and temperature data. The fusion of ML with conventional reservoir engi-
neering tools has made geological and geophysical analyses more efficient and reliable,
significantly accelerating site evaluation and decision-making [49-51].

Machine learning and conventional modeling tools together underpin the major tasks
in pre-injection analysis, reservoir characterization, capacity estimation, and site selection,
while addressing key challenges such as data scarcity, uncertainty, and high operational
costs. Table 2 provides a comparative overview of the principal methods, their advantages,
and the technological enablers used in each domain, highlighting the synergy between
traditional approaches and emerging Al-driven techniques.

Table 2. Comparison of Pre-Injection Analysis Techniques.

Reservoir . co . . .
Reference Aspect Characterization Capacity Estimation  Site Selection
3D seismic analy§1s, Compgter modeling, Multicriteria
Baz et al. [2]; Al-driven modeling, geological volume .
. Key Methods . L algorithms,
Soltanian et al. [3] petrophysical analysis, pilot .
. oL geological surveys
analysis injection tests
. . Geological - .
Sohal et al. [4]; Singh Data scarc1ty,. high uncertainty, high Accesmblhty, public
Challenges costs, geological . perception, land use
etal. [5] ) costs of field .
uncertainty . conflicts
experiments
Dejam and . Accurate storage Optimal site
. Enhanced precision, . ) ) .
Hassanzadeh [6]; Benefits safety. and efficiency  capacity estimation, selection, reduced
Szulczewski et al. [7] Y, Y risk management exploration risk
Seismic imaging,
Nghiem et al. [8]; Vo Tools/ Technologies geostatistical g(lék/I[PS]izlé)tCil\ﬁSction GIS, machine
Thanh et al. [17] & modeling, Al test P J learning algorithms
algorithms ests

2.2. Capacity Estimation

The capacity estimation of a geological formation is a critical component of feasibility
studies and a prerequisite for regulatory approval of carbon storage projects. The accuracy
of such estimates depends heavily on the underlying geological parameters and the type of
computational modeling employed.

2.2.1. Simulation-Based Estimation

Simulation models replicate subsurface dynamics to predict CO, plume migration,
solubility, and trapping mechanisms. Traditional reservoir simulators such as ECLIPSE and
CMG-GEM have long been used to simulate complex fluid interactions under reservoir
conditions, incorporating temperature, pressure, and mineralization effects [1,52,53]. How-
ever, these simulations are computationally intensive. With recent advances, ML-based
surrogate models have emerged as efficient alternatives, offering comparable accuracy
while significantly reducing computational time and cost [33,34,54].

Several recent studies have systematically compared multiple ML algorithms to iden-
tify the most accurate and reliable models for predicting CO, trapping efficiency. Safaei-
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Farouiji et al. [55] evaluated four ML models, Adaptive Neuro-Fuzzy Inference System
(ANFIS), Extra Tree (ET), Random Forest (RF), and Radial Basis Function (RBF), using
1868 field simulation data points. Their results showed that RF achieved the highest ac-
curacy, with R? values of 0.995 and 0.965 for residual and solubility trapping indices,
respectively. The ranking of model performance was RF > ANFIS > RBF > ET. Sensitivity
analysis using the relevancy factor revealed that depth and post-injection time were the
most influential factors for residual and solubility trapping, respectively.

Vo Thanh and Lee [15] applied Gaussian Process Regression (GPR), SVM, and RF to
predict CO, trapping performance in deep saline aquifers. The GPR model demonstrated
superior performance with R? = 0.992 and RMSE = 0.00491, outperforming both SVM and
RE. The study validated the GPR model using field data from the Cuu Long Basin offshore
Vietnam, achieving R? values of 0.999 and 0.9935 for solubility and residual trapping
indices, respectively. This field validation confirms the practical applicability of ML models
for real-world CCS projects.

More recently, Abdulkhaleq et al. [56] applied RBF-NN proxy modeling to optimize
CO, sequestration in the Tensleep formation at Teapot Dome, Wyoming. Using Latin
Hypercube Sampling (LHS) to generate 100 simulation runs, the RBF-NN proxy model
achieved R? values of 0.962, 0.847, and 0.849 for total trapped CO,, total trapping index,
and leakage index, respectively. The optimization enhanced total trapping efficiency from
75% to 83% with only a minor increase in leakage index (0.64% to 1.3%), demonstrating
the effectiveness of proxy-based optimization for CCS applications. Abdulwahab et al. [57]
developed an NN-RBF surrogate model achieving R? = 0.982 for emulating full-physics
simulation responses, enabling rapid optimization of CO; injection and DWS operations.
Al-Mudhafar and Abdulwahid [58] further demonstrated that RBF-ANN can achieve
R? = 1.000 for trapping efficiency prediction in fully water-saturated reservoirs, significantly
outperforming polynomial regression (R? = 0.586-0.687). These findings confirm that
RBF-based neural networks provide reliable, computationally efficient alternatives to full-
physics simulation for capacity estimation and optimization.

Figure 5 compares the predictive performance (R? values) of four widely used ML
models for CO,-related predictions, with ranges compiled from multiple studies including
Menad et al. [9], Zhang et al. [14], and Mahdaviara et al. [16]. Random Forest (RF) achieves
R? values of 0.90-0.91, Support Vector Regression (SVR) achieves 0.92-0.93, Artificial Neural
Networks (ANN) achieve 0.94-0.95, and XGBoost achieves the highest performance at
0.97-0.98. Notably, some studies have reported even higher performance for XGBoost (e.g.,
R? = 0.9993, Vo Thanh and Lee [15]), reflecting the influence of dataset size, quality, and
application context on reported metrics. These performance metrics inform model selection
decisions for specific CCS applications.

2.2.2. Geological Volume and Pore Space Analysis

Geological evaluations typically involve calculating effective pore volume, taking into
account formation thickness, porosity, and fluid saturation. These analyses help estimate
the total amount of CO, that can be securely stored in both free and residual forms, thereby
quantifying the effective storage capacity of a given reservoir [59,60].

2.2.3. Pilot Injection Tests

Pilot-scale injection tests are conducted to inject limited volumes of CO, and observe
pressure responses, fluid migration, and potential leakage pathways. These experiments are
essential for calibrating simulation models and identifying operational risks early, thereby
enabling the mitigation of potential failures before full-scale deployment [61].
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Figure 5. Comparative performance of machine learning models for CO,-related predictions in
CCS applications. R? values are compiled from multiple studies including Menad et al. [9], Zhang
etal. [14], and Mahdaviara et al. [10]. Individual studies may report higher or lower values depending
on dataset characteristics; for example, Vo Thanh et al. (2022) [15] achieved RZ = 0.9993 for XGBoost
on a global field dataset. The dashed line at R? = 0.95 represents the commonly accepted threshold
for “good” predictive performance in geoscience applications. XGBoost consistently achieves the
highest accuracy across studies, while Random Forest offers competitive performance with superior
interpretability. These trade-offs inform model selection decisions based on specific CCS application
requirements (e.g., regulatory acceptance may favor interpretable RF models, while high-accuracy
predictions may favor XGBoost).

2.2.4. Challenges and Considerations

Accurate capacity estimation remains challenged by reservoir heterogeneity, complex
flow behavior, and geochemical interactions within the storage formation. Additional
obstacles include the high cost of field testing, limited data availability, and restricted
access to suitable sites [62]. However, emerging ML-assisted capacity estimation methods,
particularly those that integrate real-time monitoring and data assimilation, have shown
great promise in reducing uncertainty and improving predictive accuracy [63].

2.3. Storage Site Selection

Selecting an appropriate storage site is one of the most critical decisions in geological
carbon sequestration (GCS), as it directly affects the project’s viability, safety, and long-term
success. A thorough evaluation must incorporate geological, technical, environmental,
and socio-economic criteria to ensure that the site can securely contain large volumes
of CO, for decades or even centuries, with minimal leakage risk. Potential storage sites
include depleted oil and gas fields, deep saline aquifers, and unmineable coal seams, each
offering distinct advantages and limitations. Depleted reservoirs are often preferred due to
their proven geological seals and existing infrastructure, whereas saline aquifers provide
vast storage capacity but require extensive geological characterization and carry higher
exploration risk. Consequently, robust screening and ranking methods must be applied to
balance these trade-offs and ensure optimal site selection.

Recent advancements in ML have transformed traditional site-selection workflows.
As shown in Table 3, algorithms such as Random Forest (RF), Artificial Neural Networks
(ANN), and Support Vector Regression (SVR) have been used to analyze large datasets en-
compassing geological, geophysical, and socio-economic variables. These models enhance
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predictive accuracy and reduce uncertainty, significantly decreasing the time and cost asso-
ciated with conventional exploration approaches. Despite limitations, such as sensitivity
to input data quality and the need for frequent recalibration, ML-based frameworks have
become powerful tools for conditional decision-making under uncertain or incomplete
data environments.

Table 3. Comparison of Machine Learning Applications in CCS.

Reference

Application

ML Techniques
Used

Key Benefits

Challenges

Wu et al. [64];
Damico et al. [65]

Site Selection

Random Forest,
ANN, geostatistical
modeling

Faster and more
accurate site
selection

Data scarcity,
geological
uncertainty

Optimized injection

Requires real-time

Chen et al. [19]; Injection SVR, XGBoost, .
T rates, reduced data, computational
Jeong et al. [12] Optimization neural networks :
leakage risk cost
Zhong et al. [66]; . Deep learning (CNN, - Early (.:letectlon of High sensitivity to
Leakage Detection LSTM), anomaly leaks, improved ¢ -
Zhang et al. [67] ; noise, false positives
detection safety
Continuous .
Ganesh and Mishra = Long-Term ANN, R;.andom. monitoring, Requires large
. Forest, simulation .. datasets, model
[13]; Jeong et al. [12] ~ Monitoring predictive .
models s complexity
capabilities

2.3.1. Technical Site Criteria

The technical suitability of a potential storage site is determined by its structural
configuration, reservoir properties, and trapping mechanisms. Sites intended for long-term
CO; storage should possess several favorable characteristics, including:

1. Tectonic stability, characterized by low seismic activity and the presence of a well-
defined structural trap, such as an anticline or fault-bound reservoir [68].

2. Adequate depth (typically >800 m) to maintain CO; in a supercritical state, which in-
creases its density and reduces mobility, thereby enhancing containment efficiency [69].

3. High porosity and permeability within the storage formation to ensure good injectivity
and sufficient accommodation for large CO; volumes.

4. Caprock integrity, where the sealing layer must be impermeable and ductile rather
than brittle or thin, to prevent upward CO; migration [70].

5. Hydrodynamic stability, ensuring predictable plume migration patterns that inform
effective monitoring and long-term storage strategies [64].

These evaluations typically rely on seismic imaging, core sampling, well log interpreta-
tion, and geomechanical testing to validate structural and stratigraphic features. Once these
properties are established, hydrogeologic modeling is used to simulate fluid flow paths
and assess potential interactions between the injected CO, and native formation brines.

2.3.2. Socio-Economic Considerations

Beyond technical feasibility, socio-economic factors play a vital role in determining
the practicality and long-term success of CO, storage projects. Key considerations include:
1. Infrastructure availability, particularly proximity to CO, emission sources (e.g., power

plants or industrial facilities) and connectivity via existing pipeline networks. Sites

located closer to emission hubs reduce transportation costs, improving overall project

economics [65].
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2. Land use and public perception, as onshore projects often face opposition related
to environmental, safety, and property concerns, whereas offshore sites, though less
socially constrained, typically involve higher operational costs and more complex
regulatory requirements.

3. Legal and regulatory frameworks, which influence project permitting, long-term
liability, and post-closure monitoring responsibilities.

4.  Environmental and cultural protection zones, where areas of high biodiversity or
heritage significance are generally excluded from development due to conservation
laws or community resistance [71].

The availability and quality of geological data significantly affect both project cost and
risk. High-resolution subsurface datasets, whether obtained from historical oil and gas
exploration or new geophysical surveys, can greatly reduce uncertainty and attract invest-
ment by accelerating development timelines. Conversely, data-scarce regions often require
substantial upfront investment in seismic acquisition and exploratory drilling [22,50].

3. Injection and Storage Optimization

Injection and storage optimization represent some of the most critical aspects of carbon
capture and storage (CCS), ensuring efficient, secure, and long-term CO; injection into geo-
logical formations. This process combines computational modeling, real-time monitoring,
and machine learning (ML) algorithms to maximize storage capacity while minimizing
environmental and operational risks [72,73]. Three main optimization components are
discussed in this section: injection rate control, plume prediction, and pressure monitoring.

3.1. Injection Rate Optimization

Optimizing the CO; injection rate is essential to achieving uniform distribution within
the reservoir and avoiding excessive pressure buildup that could lead to leakage or frac-
turing. The optimization process depends on key reservoir parameters such as porosity,
permeability, pressure, and temperature [74]. Conventional reservoir simulators are used to
evaluate these parameters and determine the optimum injection conditions. More advanced
optimization approaches employ shallow neural networks and genetic algorithms to jointly
optimize injection rates and the placement of brine production wells [75]. These data-driven
frameworks minimize trial-and-error and enable real-time adjustments to injection strate-
gies. Continuous data acquisition from downhole sensors further supports optimization by
providing live feedback for anomaly detection and operational decision-making [67,76].

Machine learning methods, particularly deep learning and artificial neural networks
(ANNSs), offer predictive insights and early warnings of undesirable reservoir behav-
ior. By recognizing complex patterns in operational datasets, ML models can forecast
plume migration behavior and reservoir response to different injection rates [36,77]. The
Water-Alternating-Gas (WAG) injection strategy has been shown to enhance CO, trapping
efficiency compared to continuous injection. Al-Khdheewai et al. [78] demonstrated that
WAG injection improves residual and solubility trapping through enhanced macroscopic
and microscopic sweep efficiencies. In heterogeneous fluvial sandstone reservoirs, WAG
injection achieved approximately 25% higher total CO, trapping compared to continuous
CO; injection, with residual trapping reaching 579,000 tons and solubility trapping reaching
296,000 tons over a 20-year injection period. This improvement is attributed to increased
CO,-water contact surface area and enhanced imbibition processes during cyclical injection.

Beyond WAG injection, the combination of Downhole Water Sink (DWS) technology
with Huff and Puff (HnP) injection has demonstrated significant potential for enhancing
CO; storage efficiency. Almansor et al. [79] evaluated DWS-HnP integration in the South
Rumaila oil field, achieving a Total Trapping Index (TTI) of 0.99 and a Leakage Index (LI)
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of 0.002, representing 99% trapping with only 0.2% leakage. The DWS system maintained
reservoir pressure by producing water from the bottom layer, enhancing gas injectivity
and enabling continuous injection over 19 years. This approach demonstrates that active
pressure management through water extraction can significantly improve storage security
while maintaining operational efficiency.

3.2. CO, Plume Prediction

Accurate plume prediction is essential for understanding the temporal and spatial
evolution of CO, within the subsurface. It provides a safeguard against leakage risks and
ensures regulatory compliance and long-term project viability [80].

3.2.1. Migration Dynamics

After injection, CO, tends to migrate upward through the reservoir along preferential
pathways influenced by gravitational, viscous, and capillary forces. Geological hetero-
geneities, such as variations in porosity and permeability, strongly affect the shape and tra-
jectory of the CO, plume. Faults and high-permeability zones accelerate plume migration,
whereas low-permeability layers promote CO, trapping, contributing to storage stability.

3.2.2. Modeling and Simulation

To model plume dynamics, numerical simulations are used to solve the governing
fluid flow equations in porous media, typically using finite difference or finite element
methods. Integrating these simulations with geophysical and petrophysical datasets en-
hances the accuracy of plume predictions under real geological conditions. Recently,
machine learning-assisted surrogate models have been developed to accelerate plume
simulations, significantly reducing computational costs without compromising precision.
Techniques such as graph neural networks (GNNs) and hybrid learning algorithms have
achieved unprecedented accuracy in predicting CO, distribution within complex, faulted
reservoirs [61,81].

A particularly promising development is the use of Fourier Neural Operator (FNO)-
based deep learning workflows. Yan et al. [36] developed an FNO-based deep learning
workflow to predict the temporal-spatial evolution of pressure and CO, plumes during
injection and post-injection periods. Using a 3D heterogeneous saline aquifer model with
90 simulation runs (72 for training, 9 for validation, 9 for testing), the workflow achieved a
speedup of 250 times compared to full physics reservoir simulation while maintaining high
predictive fidelity. The study demonstrated two key design principles: (1) using separate
deep learning models for injection and post-injection periods yields the most accurate
pressure predictions, and (2) cumulative CO, injection volume is a critical feature for
accurate saturation prediction, especially during the post-injection period when injection
rates are zero.

Another promising development is the application of Physics-Informed Neural Net-
works (PINNs) to CCS problems. PINNSs incorporate the governing partial differential
equations (e.g., mass conservation, Darcy’s law) directly into the loss function during
training, ensuring that predictions are physically consistent even with limited data (Raissi
etal., 2019) [82]. For CCS applications, PINNS offer several advantages: they enforce conser-
vation laws, require fewer training samples than purely data-driven models, and provide
physically interpretable solutions. Recent studies have demonstrated PINN applications
for multiphase flow in porous media (Fuks and Tchelepi, 2020) [83], reservoir pressure
management (Harp et al., 2021) [84], and CO; plume prediction. However, challenges
remain: PINNs can be computationally intensive for large-scale 3D problems, and their
effectiveness depends on accurate physical parameterization.
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The physics of hydrodynamic trapping interactions during full-cycle CO; injection
was systematically analyzed by Wang et al. [85]. Their numerical framework revealed
that residual trapping is governed by advective transport during the injection period
and becomes more significant in systems with lower permeability. Dissolution trapping
operates under varying driving forces at different stages: advective transport controls
dissolution during injection, while gravity-induced convection enhances dissolution in the
post-injection period. Critically, the study demonstrated that trapping mechanisms are
dynamically interconnected and influence each other even outside their main time scales
of importance, a finding that has significant implications for ML model design, as models
must capture these cross-mechanism interactions.

3.2.3. Uncertainty and Risk Assessment

Given the inherent complexity of subsurface systems, stochastic simulation techniques
are often used to assess uncertainties in plume migration, providing probabilistic forecasts
under multiple geological scenarios [67]. Complementary risk assessment frameworks
identify potential leakage pathways, such as legacy wells or fault zones, and evaluate
their possible environmental impacts [63]. The outcomes of these analyses guide the
development of targeted monitoring and mitigation strategies to enhance storage security.

3.3. Pressure Monitoring and Pore Pressure Management

Pressure monitoring is vital for maintaining reservoir integrity during both the injec-
tion and storage phases. Abnormal pressure buildup may indicate caprock failure, fault
reactivation, or CO; plume escape, all of which pose significant safety concerns. Hence,
continuous pressure monitoring is a cornerstone of secure storage operations [73].

3.3.1. The Role of Pore Pressure in Reservoir Stability

Pore pressure, the pressure of formation fluid within reservoir pores, is a critical pa-
rameter affecting wellbore stability, fault reactivation potential, and safe injection pressure
management. As pore pressure increases during CO; injection, the effective stress on the
rock matrix decreases, potentially leading to rock failure or fault slip if critical thresholds
are exceeded [86].

The coupling between pore pressure and in situ stress has significant implications for
CCS operations. According to poroelastic theory, changes in pore pressure (APp) induce
corresponding changes in horizontal stresses, given by Ach = [«(1 — 2v)/(1 — v)] APp,
where « is Biot’s constant and v is Poisson’s ratio [87]. This coupling effect means that
pore pressure increase during CO; injection causes horizontal stresses to rise, which can
alter the stress regime—potentially transforming a normal faulting environment into a
strike-slip or reverse faulting regime. Such changes may bring previously stable faults
closer to failure [88].

The critical pore pressure for fault reactivation can be estimated from in situ stresses
(51, S3) and the frictional coefficient of discontinuities (i). A higher critical pore pres-
sure is preferred, as it allows greater CO, storage volume before triggering shear along
discontinuities [89]. Reservoir size and boundary conditions also influence pore-pressure
buildup; smaller reservoirs with closed boundaries experience higher pressure increases
and greater fault reactivation risk compared to larger reservoirs with open boundaries [88].

3.3.2. Continuous Monitoring

Reservoir pressure is monitored through distributed sensor systems installed at vari-
ous depths and locations within the storage formation. Real-time pressure data provide
insight into spatiotemporal reservoir behavior and plume migration trends [90]. When cou-
pled with machine learning algorithms, these datasets enable automatic anomaly detection
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and early-warning systems to identify irregular patterns or operational risks [47]. Mod-
ern monitoring approaches include downhole pressure gauges, seismic monitoring, and
integrated risk management systems that combine mechanistic models with continuous
monitoring data for real-time leakage detection and mitigation decision support [91].

3.3.3. Data Analysis and Interpretation

Machine learning models analyze large volumes of pressure data to identify abnormal
pressure gradients and potential leakage events. ANNs and support vector regression (SVR)
have demonstrated superior performance in interpreting sensor readings and improving
the fidelity of dynamic reservoir simulations [20,50]. Pressure data also serve as essential
calibration inputs for reservoir models, enhancing their predictive accuracy for plume
migration, injection efficiency, and storage capacity [26].

3.3.4. Response and Mitigation

Abnormal pressure readings require immediate operational response, which may
involve reducing injection rates, altering well configurations, or temporarily halting in-
jection operations. Rapid execution of these response strategies is essential to mitigate
environmental and operational risks, preserve storage integrity, and ensure long-term
project performance [54]. Effective mitigation strategies include controlled injection rates,
automated pressure management systems, regular wellbore integrity assessments, and
geomechanical modeling to predict the impact of changing pore pressures on reservoir
stability [92,93].

Active pressure management through Downhole Water Sink (DWS) technology pro-
vides a powerful mitigation strategy for reservoir overpressure during CO; injection.
Abdulwahab et al. [94] demonstrated that DWS extraction reduced average reservoir pres-
sure by approximately 1100 psi, from 6150 psi to 5050 psi, thereby maintaining pressures
safely below the fracture gradient (6750 psi) and mitigating risks of caprock fracturing
and fault reactivation. This pressure reduction enabled safer, more continuous CO, in-
jection operations while improving long-term storage security. The study showed that
DWS-assisted configurations trapped 586,159 additional tons of CO, compared to no-DWS
cases, confirming that pressure management directly enhances trapping capacity.

3.4. Robust Optimization Under Geological Uncertainty

Geological uncertainty, variations in porosity, permeability, and other reservoir prop-
erties, poses a significant challenge for CCS project design. Traditional optimization
approaches that rely on a single “best estimate” geological model (nominal optimization)
may fail to capture the range of possible outcomes and can lead to suboptimal injection
strategies. Vo Thanh et al. [17] proposed a robust optimization workflow for CO, se-
questration through WAG injection under geological uncertainties. Using 200 geological
realizations of a heterogeneous fluvial sandstone reservoir in the Cuu Long Basin, Vietnam,
the study compared nominal optimization (using a single P50 realization) with robust
optimization (using P10, P50, and P90 realizations). The robust optimization framework
integrated geological modeling (Petrel), compositional reservoir simulation (CMG-GEM),
and an Al-based optimizer (CMOST) into a single automated workflow.

The key findings were:

1.  The robust optimization strategy (30 days gas injection followed by 120 days water
injection) achieved 15% higher total CO, trapping than the nominal optimization
(50/100 cycle lengths)

2. Nominal optimization led to 13% enhanced total CO, trapping over the WAG base
case, while robust optimization increased total CO, trapping by 28% over the base case
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3. The base case, nominal optimization, and robust optimization achieved total trapping
of 0.875, 1.074, and 1.278 Mt of CO,, respectively

These results demonstrate that accounting for geological uncertainty through robust
optimization is essential for maximizing storage efficiency and reducing project risks. The
study also highlighted that the number of ranked geological realizations needed depends
on reservoir complexity and available computational resources, a practical consideration
for field applications.

Beyond WAG cycle optimization, recent research has explored advanced control
strategies for real-time injection management. Alsubaih et al. [16] developed an adaptive
smart injection system for CO; sequestration that integrates real-time monitoring with
three control strategies: Proportional-Integral-Derivative (PID) control, Reinforcement
Learning (RL), and Genetic Algorithm (GA)-based optimization. Using a fully 3D reservoir
model with three injection wells and one legacy well simulated over 5 years of injection
followed by 50 years of storage, the study demonstrated that smart injection frameworks
significantly reduce leakage risks.

Key findings include:

Uncontrolled case: 10.2% of injected CO; leaked through the legacy well.
PID control: reduced leakage to 2.8% (72% reduction).

GA optimization: reduced leakage to 2.0% (80% reduction).

RL control: reduced leakage to 1.6% (84% reduction)

Ll

RL provided the greatest average leakage reduction and most adaptive response
to changing reservoir conditions, whereas GA offered the most consistent performance
across realizations. These results demonstrate that Al- and optimization-driven control can
substantially enhance CO, storage security and operational efficiency, with direct transfer-
ability to waterflooding, enhanced oil recovery, and underground gas storage operations.

4. Post-Injection Monitoring and Leakage Detection

Post-injection monitoring is crucial for ensuring the long-term integrity and safety of
geological CO, storage. Its primary goal is to verify that the injected CO, remains securely
trapped within the target formation while identifying any potential leakage pathways
that could pose environmental or health risks. This section presents a comprehensive
overview of techniques used to monitor CO, trapping mechanisms, detect leakage, and
assess reservoir responses following injection.

4.1. Monitoring and Evaluation of CO, Trapping Mechanisms

Effective Monitoring, Verification, and Accounting (MVA) ensure that injected CO,
remains immobilized through residual, solubility, and mineral trapping mechanisms. As
trapping processes evolve over time, the permanence of storage must be demonstrated
using both direct and indirect measurements. Common MVA techniques include seismic
imaging, geophysical logging, and pressure monitoring, which collectively characterize
plume migration and transformation, while fluid sampling helps evaluate geochemical
changes [73].

Prior to injection, baseline monitoring establishes the geological and hydrodynamic
conditions of the storage site [74]. During injection, continuous monitoring tracks plume
migration, whereas post-injection monitoring provides long-term surveillance to ensure
containment. Among these methods, time-lapse (4D) seismic monitoring has proven
the most reliable for imaging CO, distribution and trapping efficiency [95]. Additional
techniques, including 4D-3C seismic acquisition, crosswell seismic tomography, and pas-
sive seismic monitoring, enhance spatial resolution and sensitivity for tracking plume
evolution [96,97].
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Downbhole logging tools, such as time-lapse neutron, induction resistivity, and sonic
logs, directly measure fluid saturation and changes in rock properties as CO, displaces brine
in pore spaces [98]. Moreover, pressure transient analysis from multi-level observation
wells delineates plume boundaries and confirms containment [99]. Sonic logs also detect
mechanical alterations in the formation, assisting in the assessment of compaction or
porosity variations [100]. A summary of major monitoring techniques and their applications

throughout different project phases is presented in Table 4.

Table 4. Classification of CO, Trapping Monitoring Techniques.

Technique Monitoring Phase Data Type Purpose Reference(s)
4D Seismic Monitoring Pre-, D‘.”“Tg’ Seismic Reflections Track (.:Oz plume Sambo et al. [95]
Post-Injection evolution

Crosswell Seismic
Tomography

During Injection

Travel Time and
Amplitude

High-resolution plume
imaging

Paulsson [97]

Passive Seismic
Monitoring

Post-Injection

Microseismic Events

Detect geomechanical
changes

Verdon et al. [96]

Time-Lapse Well
Logging

During, Post-Injection

Neutron, Resistivity,
Sonic Logs

Determine saturation
changes

Xue et al. [98]

Pressure Transient
Analysis

During Injection

Pressure Data

Define plume
boundaries

Jackson et al. [99]

Sonic Logging During, Post-Injection ~ Elastic Wave Velocity Detect rock alterations ~ Ajo-Franklin et al. [100]
Groundwater Sampling  Post-Injection Water Chemistry iiii;i}; geochemical Ajayi et al. [101]

Atmospheric Sensing
(Optical, Tracers)

Post-Injection

CO, Concentration

Detect surface leakage

Sun et al. [102]; Watson
and Sullivan [103]

Eddy Covariance and
Remote Sensing

Post-Injection

Gas Flux Data

Monitor atmospheric
leakage

Verkerke et al. [104]

Beyond monitoring technique selection, the value of different monitoring data types
can be quantified through expected uncertainty reduction in key risk metrics. Chen
et al. [19] developed a filtering-based data assimilation procedure combined with Multi-
variate Adaptive Regression Splines (MARS) to design optimal monitoring strategies for
GCS. The approach quantified uncertainty reduction in cumulative CO; leakage as a metric
for monitoring value, enabling quantitative comparison of different monitoring designs.
Key findings included:

1. Pressure data provide higher value of information than CO, saturation or temperature data

2. Simultaneous use of multiple monitoring signals reduces uncertainty more effectively
than single-signal monitoring

3. The incremental benefit of additional monitoring wells diminishes beyond a certain
number, suggesting an optimal monitoring network density

This quantitative framework for monitoring design represents a significant advance
over qualitative approaches, enabling operators to justify monitoring investments based on
expected risk reduction.

Advanced monitoring techniques have evolved significantly to address the unique
challenges of CCS. Alsubaih et al. [35] provided a comprehensive review of monitoring
technologies, including:

1.  PFour-dimensional seismic monitoring for tracking CO, plume migration.

2. Wireline logging for high-resolution data around injection wells.

3.  Groundwater sampling to detect geochemical changes from CO, leakage.

4. Atmospheric monitoring using optical fiber sensors, flux chambers, and tracer gases.
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5.  Interferometric Synthetic Aperture Radar (InSAR) for measuring surface deformation
(5-10 mm/a uplift at In Salah, Algeria).

The review emphasized that seismic methods are most effective for large-scale
structural-stratigraphic trapping evaluation, while wireline logging provides critical in-
sights for estimating structural-stratigraphic trapping mechanisms. At the Nagaoka pilot
site in Japan, sonic logs detected a 28% change in shear velocity between pre- and post-CO,
injection, while cross-hole tomography showed a 17% change in velocity, demonstrating
the complementary value of multiple monitoring techniques.

Figure 6 visualizes the cost-sensitivity trade-offs among these monitoring techniques.
The chart reveals that high-sensitivity techniques (crosswell tomography, downhole log-
ging) have limited spatial and temporal coverage, while continuous techniques (pressure
monitoring, atmospheric sensing) have lower sensitivity. Optimal monitoring strategies
therefore combine multiple techniques to balance these trade-offs.

Comparison of CO, Monitoring Techniques for CCS

4D Seismic

Q Passive Seismic
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Figure 6. Cost-sensitivity analysis of CO, monitoring techniques for CCS. Bubble chart comparing
monitoring methods by relative cost (X-axis), detection sensitivity (Y-axis, as minimum detectable
CO; saturation), and spatial coverage (bubble size). The chart reveals fundamental trade-offs: high-
sensitivity techniques (crosswell tomography, downhole logging) have limited spatial coverage and
temporal frequency, while continuous techniques (pressure monitoring, atmospheric sensing) have
lower sensitivity. No single technique provides complete spatiotemporal coverage at acceptable cost;
optimal monitoring strategies combine multiple methods.

4.1.1. Groundwater and Atmospheric Monitoring for Leakage Detection

Upward CO, migration may affect shallow aquifers or reach the surface, making
groundwater and atmospheric monitoring essential for early detection. Groundwater
monitoring involves periodic sampling and chemical analyses to detect variations in pH,
alkalinity, and trace metal concentrations caused by elevated CO; levels. Reactive transport
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modeling at the field scale further interprets these geochemical changes and predicts
potential leakage scenarios [101].

Atmospheric monitoring relies on highly sensitive systems capable of detecting minor
increases in CO; concentration near storage sites. Optical fiber sensors, flux chambers,
and tracer gas techniques are commonly employed [102,103]. Additionally, eddy covari-
ance and remote sensing methods enable continuous surface flux monitoring and rapid
leakage detection.

4.1.2. Experimental Investigations of CO, Trapping Mechanisms
Petrophysical Characterization

Understanding rock-fluid interaction is vital for modeling CO, flow, distribution, and
trapping efficiency. Petrophysical parameters such as porosity, permeability, saturation,
capillary pressure, and relative permeability are typically determined through Routine
Core Analysis (RCAL) and Special Core Analysis (SCAL) [105,106]. These measurements
support accurate predictions of injectivity and storage performance.

Pore-Scale Visualization

Advanced imaging techniques, including microfluidics, MRI, and micro-CT scanning,
provide detailed visualization of multiphase flow and pore-scale trapping mechanisms.
These approaches reveal how capillary forces, wettability, and pore geometry influence
residual trapping efficiency [107-109].

CO,-Fluid—Rock Interactions

Experimental studies on fluid—fluid and fluid-rock interactions yield critical insights
into chemical trapping. Laboratory experiments evaluate mineralogical alterations and
the resulting changes in porosity and permeability due to geochemical reactions induced
by CO; injection. These findings contribute to risk assessment and long-term storage
evaluation [81,110].

Adsorption Phenomena

CO, adsorption onto mineral surfaces plays a major role in shale and coal reservoirs.
Gravimetric, volumetric, manometric, and chromatographic methods are used to quantify
adsorption capacities and kinetics [111,112]. These experimental data are essential for
modeling CO, retention and estimating effective storage volumes in nanoporous media.
A detailed comparison of experimental trapping methods and parameters is presented in
Table 5.

Table 5. Summary of Experimental Techniques for CO, Trapping Mechanisms.

Method

Focus Measured Properties Reference

Routine Core Analysis

Petrophysical properties Porosity, permeability, Tiab and Donaldson [105];

(RCAL) fluid saturation Liu and Grana [106]

Special Core Analysis Capillary pressure and Wettability, capillary Tiab and Donaldson [105];

(SCAL) relative permeability pressure curves Liu and Grana [106]

Microfluidics P.ore-s.c alg flow Capillary trapping, flow Jiang et al. [107]
visualization pathways

Magnetic Resonance Dynamic imaging of Fluid saturation,

Imaging (MRI) fluid flow distribution Soong etal. [108]
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Table 5. Cont.

Method

Focus Measured Properties Reference

Micro-Computed

Pore geometry, residual

3D pore structure imaging De et al. [109]

Tomography (micro-CT) trapping

Gravimetric Method CO; adsorption capacity Adsorbed CO; mass Petrovic et al. [111]

Volumetric Method Adsorption isotherms Gas volume at set Petrovic et al. [111]
pressure/temp

Manometric Method

Gas-solid interactions
under pressure

Adsorption pressure

Abdulkareem et al. [112]
response

Chromatographic Method

Breakthrough curves,

. . Abdulkareem et al. [112]
retention times

Adsorption kinetics

4.2. Anomaly Detection

Well integrity monitoring is a critical aspect of GCS, as poorly maintained or aban-
doned wells may act as leakage conduits. Continuous subsurface surveillance enables the
early detection of anomalies, helping to mitigate leakage risks and improve understanding
of CO; plume migration and containment efficiency [113]. Anomalies typically fall into
three categories:

1. Shift outliers indicating gradual distribution changes,
2. Transient shifts representing short-term deviations, and
3. Point outliers caused by geological changes, equipment faults, or fluid migration.

Accurate identification of these anomalies is essential for maintaining operational and
structural integrity. Recent advances in deep learning have greatly enhanced anomaly
detection in complex, high-dimensional time-series data. Govindan et al. [114] applied
Independent Component Analysis (ICA) and Impulse Response Functions (IRF) to re-
mote sensing data to identify surface leakage. Meanwhile, Zhang et al. [67] proposed a
hybrid CNN-BiLSTM model that achieved superior accuracy for bottom-hole pressure
anomaly detection.

Other frameworks include DeepSense [115] and feedforward neural networks for
sensor-based anomaly classification [116]. Spatial outlier detection methods such as Sub-
space Local Outlier Factor (SLOF) [117] and frequency-based analyses [118] have also
proven useful. A particularly robust hybrid approach integrates LSTM autoencoders
with the Isolation Forest (IF) algorithm, which is trained on stochastic geological model
realizations. This combination effectively detects abnormal patterns under uncertainty;,
improving interpretability and decision support. A summary of key deep learning methods
for anomaly detection is presented in Table 6.

Recent advances in deep learning architectures have further improved anomaly detec-
tion performance. Zhong et al. [66] developed a ConvLSTM-based framework for real-time
anomaly detection using pressure sensor data, achieving high accuracy in detecting irregu-
lar pressure signals indicative of potential leakage. The ConvLSTM architecture’s ability to
capture both spatial and temporal features makes it particularly suitable for CCS monitoring
applications where pressure transients propagate through heterogeneous formations.

Zhang et al. [67] proposed a hybrid CNN-BiLSTM model that achieved superior
accuracy for bottom-hole pressure anomaly detection. The hybrid architecture combines
convolutional neural networks (CNNSs) for feature extraction with bidirectional long short-
term memory (BiLSTM) networks for sequential pattern recognition. This combination
enables the model to capture both local pressure anomalies and longer-term temporal
trends, reducing false positive rates compared to single-architecture approaches.
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Table 6. Deep Learning Models for Anomaly Detection in CCS.

Model/Algorithm Type Key Features Reference(s)
Real-time anomaly
ConvLSTM Deep Learning detection using pressure Zhong et al. [66]
sensor data
ICA + IRF Remote Sensing Surface leakage detection o i qan e al, [114]
via signal decomposition
Sequential pressure
CNN-BiLSTM Hybrid Deep Learning anomaly prediction in Zhang et al. [67]
BHP data
DeepSense Deep Learning General anomaly Bakhshian and Romanak [115]

recognition framework

Feedforward Neural
Network

Neural Network Class1f1ce}t1on of abnormal Sinha et al. [116]
patterns in sensor data

SLOF

Spatial outlier recognition

Outlier Detection . .
using local factor analysis

Xin et al. [117]

Sinusoidal Pattern
Detection

Frequency-based anomaly

detection Min et al. [118]

Frequency Analysis

4.3. Risk Assessment Framework for Geologic Sequestration

Geologic CO, sequestration entails a range of physical, chemical, and operational
risks, with leakage posing the greatest concern. Migration of CO; into overlying formations
or to the surface can lead to environmental contamination, health hazards, and regulatory
challenges. Effective risk assessment depends on a comprehensive understanding of
formation heterogeneity, fluid—rock interactions, and CO, behavior over time. The three
major risk categories, environmental, health and safety, and economic, are summarized in
Table 7.

Table 7. Risk Categories in Geological CO, Sequestration.

Risk Category

Potential Impacts Mitigation Strategies

Environmental

Leakage into atmosphere or aquifers, induced Proper site selection, injection control,

seismicity long-term monitoring

Health and Safety

Asphyxiation, toxic exposure (e.g., H»S), Gas detection systems, emergency
operational accidents protocols

Economic

Cost overruns, leakage liability, insurance, Cost-benefit analysis, regulatory
tax penalties compliance, project insurance

4.3.1. Environmental Risks

Even minimal atmospheric leakage undermines sequestration goals, potentially caus-
ing CO, accumulation in soils or migration into unintended strata [119]. Offshore leakage
may lower oceanic pH and disrupt marine ecosystems. Additionally, displacement of brine
or hydrocarbons can impact nearby production zones or contaminate freshwater aquifers.
Excessive injection pressure may induce seismicity, while mineral precipitation can reduce
reservoir permeability despite contributing to long-term mineral trapping.

4.3.2. Health and Safety Risks

CO; accumulation in confined spaces can displace oxygen and cause asphyxiation.
Concentrations above 3% are hazardous, while levels exceeding 10% are potentially
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fatal [120]. Infrastructure components such as pipelines and compressors pose additional
hazards if not properly maintained. When H,S is co-injected with CO,, toxicity risks
increase substantially [121].

4.3.3. Economic Risks

The economic feasibility of CCS projects remains a major concern. Retrofitting power
plants for CO, capture can increase electricity production costs by 30-65%, depending
on the technology used [122]. High capital and operational costs, coupled with potential
liability for leakage or reservoir failure, represent significant risks. Unexpected geological
faults or poor injectivity may lead to financial losses or forfeiture of carbon credits. In cases
of contamination, remediation and litigation costs further elevate risks. Robust geological
characterization, economic modeling, and mitigation strategies are therefore essential for
long-term project success.

4.4. CO; Leakage and Fault Reactivation

Leakage represents the principal failure mode in CCS operations. Ideally, a well-
engineered reservoir with an intact caprock should contain CO, for millennia. However,
faults, fractures, or compromised wells can allow upward migration [119]. Leakage typi-
cally occurs locally through narrow vertical pathways or abandoned wells [121]. For CCS
to effectively offset emissions, leakage rates must remain below 0.001-0.01% per year [122].

4.4.1. Fault Reactivation Mechanisms

Fault reactivation is a significant concern during CO, injection, as increased pore
pressure reduces effective normal stress on fault planes, potentially inducing slip. The like-
lihood of reactivation depends on the faulting regime, Poisson’s ratio, and the non-uniform
nature of reservoir deformation. Figure 7 illustrates the fault reactivation mechanism in
two panels. Panel (a) shows a cross-section of a fault intersecting the storage reservoir and
caprock; CO; injection increases pore pressure (APp), which propagates along the fault
plane. Panel (b) presents a Mohr circle representation of the stress evolution: initial effective
stresses (01/, 03') are shown in blue; pore pressure increase shifts the circle leftward (red
dashed), reducing effective stress and potentially bringing the fault to failure (touching the
failure envelope). The critical pore pressure for reactivation depends on in situ stresses (S,
S3) and the fault friction coefficient ().

Research by Lele et al. [123] demonstrates that injection-induced fault slip is more
likely in layers other than the reservoir for normal and strike-slip faulting regimes, but
within the reservoir layer for reverse faulting, due to Poisson’s ratio effects. Fault slip can
localize in either the layer above or below the reservoir depending on the faulting regime
and well placement relative to the fault.

Guglielmi et al. [124] conducted field-scale fault reactivation experiments demonstrat-
ing aseismic leakage in caprock analogs, with direct implications for CO, sequestration
safety. Their findings highlight that fault reactivation can occur without detectable seismic
events, emphasizing the need for continuous monitoring of pressure and deformation.

A critical aspect often overlooked in leakage risk assessment is the role of legacy
and orphaned wells. Alsubaih et al. [125] documented that over 225,000 orphaned wells
exist in the United States, with estimates suggesting up to 3.9 million wells nationwide
emitting approximately 3.2 Tg of methane annually. These wells pose significant risks to
CCS operations, as they can serve as unintended leakage pathways for stored CO,. The
study employed a Random Forest regressor to predict potential orphan well locations based
on historical data, enabling more targeted monitoring and remediation efforts.
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Figure 7. Conceptual diagram of fault reactivation risk during CO; injection. (A) Cross-section
showing a fault intersecting the storage reservoir and caprock. CO, injection increases pore pressure
(APp), which propagates along the fault damage zone (higher permeability), reducing effective
normal stress on the fault plane. (B) Mohr circle representation of stress evolution. Initial effective
stresses (01', 03') are shown in blue; pore pressure increase shifts the circle leftward (red dashed
line) by Ao’ = APp, reducing effective stress. Reactivation occurs when the circle touches the failure
envelope (T = po'n + C, where (1 is the friction coefficient and C is cohesion). The purple shaded area
represents the margin of safety; the green shaded area indicates approaching failure. Understanding
these mechanisms is essential for maintaining injection pressures below safety thresholds.

For quantitative leakage risk assessment, Alsubaih et al. [16] compared three modeling
philosophies for brine leakage through legacy wells:

1.  Reservoir-scale analytical solution [126]: predicts gradual leakage (~1.7 bbls/day after
1000 days).

2. Semi-analytical pressure-transient model [127]: predicts higher rates (>8 bbls/day
after 1000 days).

3. Mechanistic wellbore-scale model (new): yields damage-dependent outcomes (0.2-0.4 bbls/
day for moderate-severe cement damage; ~3.5 bbls/day for open-channel conditions).

The comparison demonstrates that model choice and physics assumptions drive
order-of-magnitude differences in predicted leakage rates, emphasizing the need for fit-for-
purpose model selection in CCS risk assessment.

4.4.2. Natural Hazards and Caprock Integrity

Natural hazards, such as seismic events, may compromise caprock integrity, particu-
larly in formations with high-permeability faults. Using INSAR, Aker et al. [128] detected
surface deformation at the In Salah site in Algeria, linking pressure-induced uplift to
subsurface leakage potential. Finite element modeling confirmed the correlation between
injection strain and stress redistribution. Formation permeability and porosity are key
factors influencing vertical migration [129], while elevated temperatures in deep reservoirs
can enhance CO; mobility [130].

Modern probabilistic simulations and 3D seismic mapping now enable precise leakage
risk assessment [131-133]. Ultimately, long-term storage integrity depends on rigorous site
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selection, advanced monitoring, and a robust regulatory framework. When integrated with
sensor and simulation data, machine learning-based leakage prediction tools can greatly
improve early detection and response, ensuring safe and sustainable CO; storage systems.

4.5. Formation Water Salinity and CO, Solubility

The solubility of CO, in formation brine is essential for ensuring the success of CCS
projects, as CO; dissolution stabilizes storage and prevents upward migration, ensuring
long-term containment [134]. Pressure is a primary factor affecting solubility, increasing
CO; absorption according to Henry’s Law [135]. High-pressure conditions found in deep
saline reservoirs are ideal for CO, storage because they enhance solubility.

However, temperature reduces CO, solubility by weakening the interaction between
gas and water molecules [136]. Salinity introduces another significant factor through
the “salting-out effect,” where dissolved salts limit water’s capacity to retain CO, [137].
Sites with high total dissolved solids (TDS) require special attention, as high salinity can
significantly impact storage efficiency [138].

Geochemical models are essential for predicting CO, solubility and optimizing CCS
operations. Figure 8 illustrates CO, solubility in brine as a function of pressure, tem-
perature, and salinity, calculated using the Duan and Sun [135] thermodynamic model.
The Duan and Sun model offers high accuracy for CO,-water systems but struggles with
complex brine compositions [139]. Machine learning approaches have been developed to
improve solubility predictions; for example, Pan et al. [138] developed a modified version
of Duan’s model for real brines that achieved a 5.11% deviation compared to 12.10% with
the original model.

CO, Solubility in Brine as a Function of Pressure, Temperature, and Salinity
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Figure 8. CO; solubility in brine as a function of pressure, temperature, and salinity, calculated
using the Duan and Sun [135] thermodynamic model. Higher pressures enhance solubility following
Henry’s Law, as shown by the upward trend across all temperature and salinity conditions. Elevated
temperatures reduce solubility by weakening gas-water intermolecular interactions. Increased salinity
further reduces solubility through the “salting-out” effect, where dissolved ions compete with CO,
molecules for water solvation shells. These relationships are critical for estimating storage capacity in
deep saline aquifers and optimizing injection strategies.
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CO;, injection not only influences solubility but also affects the chemical and physical
properties of reservoirs. It causes the pH of formation water to drop from approximately
7.4 to 6.5, which alters the chemical environment and leads to mineral precipitation, such
as carbonates and silicates [140]. These chemical changes can impact both porosity and
permeability. For example, Liu et al. [141] developed a reactive transport model showing
that CO,-water-rock reactions, though minimally altering shale porosity (<1%), signifi-
cantly impact CHy production and CO; storage by controlling reservoir pressure and CO,
migration. Sensitivity analysis revealed that high pressure, low permeability, and low
injection rates intensify these geochemical effects, while factors promoting CO, migration
increase leakage risks.

Advanced machine learning techniques have been developed to improve CO; solubil-
ity predictions. Menad et al. [9] developed multilayer perceptron (MLP) and radial basis
function neural network (RBFNN) models optimized by Levenberg—Marquardt, Genetic
Algorithm (GA), Particle Swarm Optimization (PSO), and Artificial Bee Colony (ABC)
algorithms. Using 570 experimental data points spanning pressures up to 1400 bar, tem-
peratures up to 723.15 K, and NaCl molality up to 6.14 mol/kg, the RBFNN-ABC model
achieved the highest accuracy with RMSE = 0.0289 and R? = 0.9967. This model significantly
outperformed existing thermodynamic models (achieved R? = 0.9301 on the same dataset)
and was made available as an Excel-based calculator tool for practical application. Yang
et al. [142] used experimental data from literature train and predict CO, solubility by four
machine learning models: support vector regression (SVR), extreme gradient boosting
(XGBoost), random forest (RF), and multilayer perceptron (MLP). Among four models, the
XGBoost model has the best predictive performance, with an R? of 0.9838.

Al-qaness et al. [143] further advanced this approach by developing an optimized
ANFIS model using a hybrid Aquila Optimizer and Salp Swarm Algorithm (AOSSA). Using
6810 simulation samples with 8 input features (porosity, permeability, thickness, salinity,
depth, residual gas saturation, injection rate, and time-elapse), the AOSSA-ANFIS model
achieved RMSE values of 0.15001 and 0.06904 for residual and solubility trapping indices,
respectively. The study demonstrated that hybrid optimization algorithms significantly
enhance the predictive performance of conventional ANFIS models, and the proposed
AOSSA-ANFIS outperformed seven other optimized ANFIS variants, including those using
GA, PSO, and MFO.

4.6. Digital Twin and Artificial Intelligence for Well Integrity Monitoring

The digital transformation of the oil and gas industry has introduced powerful tools
for well integrity management. Alsubaih et al. [35] provided a comprehensive review
of digital twin technologies for well integrity across conventional, unconventional, and
storage wells. A digital twin functions as a dynamic, synchronized virtual representation
of a physical well asset and its surrounding environment, integrating real-time sensor data
with sophisticated simulation models.

Key components of a well integrity digital twin include:

1.  Static data: as-built well designs, casing specifications, formation properties, cement-
ing job parameters.

2. Dynamic data: real-time pressure, temperature, flow rates, distributed temperature
sensing (DTS), distributed acoustic sensing (DAS).

3. Physics-based models: simulating multiphase flow, heat transfer, thermo-hydro-
mechanical-chemical (THMC) stresses.

4. AI/ML modules: predictive maintenance tools, anomaly detection systems, remaining
useful life (RUL) forecasts.
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The integration of machine learning with digital twins enables predictive maintenance,
early failure detection, and lifecycle risk management. ML models trained on historical and
real-time data can identify subtle anomalies that may precede failure, predict RUL of critical
components, optimize inspection schedules based on predicted risk, and automatically
generate alerts for potential integrity issues.

Field applications of digital twins have demonstrated significant value in high-risk
operations such as CCS, deepwater production, and geothermal energy extraction. The
technology enables operators to evaluate well integrity status, simulate leak evolution,
predict casing fatigue, assess the risk of sustained casing pressure (SCP), model cement
degradation, and test remediation scenarios, all without physical intervention. As the
energy transition accelerates, digital twins will become essential for ensuring secure and
scalable deployment of subsurface storage solutions.

4.7. Deep Learning for History Matching with 4D Seismic Data

History matching, the process of calibrating geological models to observed data, is
essential for reducing uncertainty in CCS performance predictions. However, traditional
history matching approaches are computationally expensive, often requiring thousands
of high-fidelity simulations. Deep learning surrogate models offer a promising solution.
Wang and Durlofsky [144] introduced a deep learning framework for history matching CO,
storage with 4D seismic and monitoring well data. The framework employs two fit-for-
purpose surrogate models: a 3D U-Net for predicting interpreted (coarse-scale) 4D seismic
saturation fields and a 1D U-Net for predicting monitoring well data. Both networks accept
high-resolution geomodels as input and have multiple output channels corresponding to
different time steps.

Key features and findings include:

1.  Training efficiency: The two specialized networks required only 2.25 h of GPU training,
compared to tens of hours for single-network alternatives

2. Prediction speed: Function evaluations require less than 0.1 s, enabling efficient
Markov chain Monte Carlo (MCMC) history matching

3. Uncertainty quantification: The hierarchical MCMC procedure produced posterior dis-
tributions for both metaparameters (e.g., mean log-permeability, standard deviation)
and fine-scale geomodel realizations

4. Value of 4D seismic data: Incorporating 4D seismic data (even binary plume loca-
tion data) significantly reduced posterior uncertainty in key geomodel parameters
compared to using monitoring well data alone

5. Practical insight: The study demonstrated that seismic data providing only plume
location (presence/absence of CO, above a threshold) still provided substantial value,
though interpreted saturation data yielded slightly better uncertainty reduction

This framework represents a significant advance in CCS data assimilation, enabling
quantitative assessment of the value of different data types and providing a computationally
tractable approach to uncertainty quantification in large-scale storage projects.

5. Case Studies and Success Stories

The applications of machine learning (ML) in carbon capture and storage (CCS)
have significantly improved operational efficiency, site safety, and monitoring accuracy.
This section highlights several notable international case studies that demonstrate the
integration of ML techniques across different CCS stages, including site characterization,
capacity estimation, storage modeling, anomaly detection, and risk management. Each
case illustrates unique benefits, technical innovations, and lessons learned.
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5.1. lllinois Basin—Decatur Project (LISA)

The Illinois Basin—Decatur Project (IBDP) serves as a leading example of ML utilization
in site selection and storage capacity estimation. The GeoSeq Consortium in collaboration
with the U.S. Department of Energy (DOE) [145] executed the project, designed to inject
one million metric tons of CO, per year into the Mt. Simon Sandstone Formation.

Traditionally, site selection depended on core sampling and geological surveys. In
contrast, ML facilitated rapid processing of seismic, petrophysical, and reservoir datasets.
Deep learning models such as Convolutional Neural Networks (CNNs) and Artificial
Neural Networks (ANNs) were applied to identify optimal injection zones and evaluate
formation suitability [146].

Formation regions were automatically categorized into secure, moderate, and unsafe
zones based on permeability and pore-pressure parameters [147]. By 2017, over one
million tons of CO, had been successfully injected with no recorded leakage, confirming
the project’s long-term storage integrity. The ML-enhanced models also improved risk
reduction and predictive reliability [148].

5.2. Boundary Dam CCS Project (Canada)

The Boundary Dam Project in Saskatchewan, Canada, represents one of the world’s
first commercial-scale CCS applications at a coal-fired power plant. Operational since
2014, it was designed to capture 90% of CO, emissions, equivalent to roughly one million
tons annually.

Despite early challenges, such as fly ash buildup, surface leakage, and inconsistent
capture rates (ranging from 400,000 to 800,000 tons per year), the project successfully
demonstrated the role of ML in performance optimization. Hybrid electrostatic precip-
itators, controlled by ML-based optimization algorithms, were introduced to improve
particulate filtration prior to chemical absorption, thereby reducing downtime and enhanc-
ing system reliability.

The project highlights ML’s effectiveness in predictive maintenance, fault diagnosis,
and process optimization, offering a model for integrating intelligent control systems into
CCS operations [149,150].

5.3. Gorgon CCS Project (Australia)

The Gorgon Project, operated by Chevron and its partners, is among the largest CCS
initiatives globally, with an intended storage target of up to four million tons of CO, per
year from natural gas operations on Barrow Island, Australia [151].

Initially, the project faced technical issues, including reservoir heterogeneity, injec-
tion pressure anomalies, and component malfunctions, which limited its ability to meet
regulatory requirements [152]. ML algorithms were subsequently implemented to refine
geological models and optimize injection strategies. Supervised learning and geostatistical
kriging techniques were employed to update spatial models of plume dynamics, improving
prediction accuracy and reducing uncertainty [153].

In parallel, predictive maintenance algorithms, trained on sensor data, reduced equip-
ment failure rates. Although early setbacks delayed full operation, the project underscored
ML’s scalability for large, complex CCS systems and the importance of adaptive learning
integration in real-time reservoir management [154].

5.4. Sleipner CO; Storage Project (Norway)

The Sleipner Project, operated by Equinor, stands as the world’s longest-running
offshore CCS operation, with over 20 million tons of CO; injected into the Utsira Formation
since 1996 [149,155].
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ML applications enhanced geophysical monitoring by integrating artificial neural net-
works with time-lapse seismic and electromagnetic data [147]. Repeat seismic and gravity
surveys improved plume tracking accuracy, while ML algorithms provided more sensitive
detection of plume evolution and reduced false positives in leakage identification [156].
The Sleipner experience demonstrates how ML can strengthen offshore monitoring, re-
fine geophysical interpretation, and ensure storage integrity even under harsh marine
conditions [157].

5.5. Quest CCS Project (Canada)

The Quest Project, operated by Shell in Alberta, Canada, aims to store over 1.2 million
tons of CO, annually from the Athabasca Oil Sands operations [158]. Since commencing in
2015, the project has achieved a 35% reduction in CO, emissions from associated facilities.

ML has been integrated into subsurface modeling, injection optimization, and leak risk
analysis. Reinforcement learning algorithms were used to optimize injection scheduling
and maximize storage efficiency [159]. Despite early financial and operational challenges,
continuous ML-driven performance improvement has proven the commercial viability
of intelligent CCS systems. ML tools were also applied for surface risk assessments, cost
forecasting, and real-time operational management. Quest thus serves as a blueprint for
future CCS deployments, showcasing how Al can enhance decision-making, efficiency, and
long-term environmental compliance.

5.6. Teapot Dome CO, Storage Project (Wyoming, USA)

The Teapot Dome Field in Wyoming, also known as Naval Petroleum Reserve #3
(NPR-3), has been selected by the U.S. Department of Energy for field-scale CO, storage
research. The Tensleep Sandstone formation, at an average depth of 1657 m, provides
suitable pressure and temperature conditions for supercritical CO; storage.

Abdulkhaleq et al. [56] conducted an optimization study using RBF-NN proxy model-
ing to maximize CO, trapping efficiency. Three injection scenarios were evaluated: vertical
injectors (VI), vertical injectors with water sink (VIWS), and horizontal injectors with water
sink (HIWS). The VIWS scenario proved most effective, achieving a total trapping index of
83.5% with 44,100 tons of CO; stored and only 1.3% leakage. Sensitivity analysis revealed
that the number of open wells and maximum bottomhole injection pressure were the
most influential parameters affecting trapping efficiency. This case study demonstrates
that proxy-based optimization can significantly enhance CO, storage performance even
in geologically challenging formations with poor porosity (average 8%) and permeability
(average 10.27 mD). The methodology is transferable to other saline aquifers with similar
reservoir characteristics.

5.7. Orphaned and Abandoned Wells: Implications for CCS Site Selection

A critical challenge for CCS deployment in the United States is the presence of mil-
lions of orphaned and abandoned wells that could serve as leakage pathways. Alsubaih
et al. [125] analyzed state-level data to estimate documented orphan wells at 225,287, sig-
nificantly higher than the EPA’s previous estimate of 123,000 wells. The study employed a
Random Forest regressor to predict the locations of undocumented orphan wells, enabling
more targeted monitoring and remediation.

Key findings for CCS site selection include:

1.  Over 4.6 million people live within 1 km of orphaned wells, highlighting public
health risks

2.  Methane emissions from inactive wells amount to 7-20 million metric tons CO,
equivalent annually

https://doi.org/10.3390/en19133104


https://doi.org/10.3390/en19133104

Energies 2026, 19, 3104

32 of 53

3. The depth distribution of orphan wells overlaps with typical CCS injection depths
(2500-20,000 ft)

4.  States with high orphan well density (Pennsylvania, Texas, Oklahoma, Ohio) require
careful site screening

The study emphasizes that CCS projects must conduct rigorous legacy well screening
and, where necessary, re-abandonment campaigns before operations can safely commence.
This represents a significant component of overall project cost and risk that is often under-
estimated in early-stage CCS planning.

Collectively, these international case studies demonstrate how ML integration across
the CCS lifecycle, from site evaluation and reservoir modeling to anomaly detection and risk
management, yields measurable improvements in safety, cost-efficiency, and sustainability.
A comparative overview of these projects, including Al methods used, outcomes, and
lessons learned, is provided in Table 8.

While Table 3 provided a method-focused comparison of ML applications across
CCS stages, Table 8 offers a project-focused synthesis of real-world case studies. The
two tables are complementary: Table 3 emphasizes algorithmic approaches and their
benefits /challenges, whereas Table 8 emphasizes project outcomes, key challenges, and
lessons learned from field deployment. Where projects appear in both tables (e.g., Illinois
Basin-Decatur, Sleipner), the information is intentionally presented at different levels of
granularity, Table 3 summarizes the ML methods used, while Table 8 provides operational

context and project-specific outcomes.

Table 8. Summary of CCS Case Studies with AI Integration.

Project Location AT Application Key Challenges Outcomes Reference(s)
ML for site Improvecll s1t.e
o selection characterization,
111111.015 . geological data Subsurface r.educed search Zhang et al. [145];
Basin—Decatur Illinois, USA . uncertainty, large time and cost,
. analysis, . Pradoo et al. [146]
Project (IBDP) . data processing enhanced
permeability and s
orosity modelin; suitability
p y & prediction
Improved plant
Hybrid Al systems Fly ash . stability, emission
accumulation, : . .
Boundary Dam Saskatchewan, for fly ash control, frequent reduction Giannaris et al.;
y Canada reliability quet . (70-80%), Pradoo et al. [146]
. downtimes, high .. .
optimization optimized particle

operational cost

capture

Enhanced
Pressure analysis Geologic.al modeling;
Gorgon CCS Barrow Island, and reservoir conm p.l exity, low however, storage Timperley [152];
Proiect Australi itori injection fell short of targets, IEEFA
jec ustralia monitoring f . . 3f
with ML performance, triggering need for
high cost technology
reassessment
Over 20 Mt stored
Al-enhanced Deep reservoir safely; improved Al-Khudhairy and
Sleipner Proiect North Sea, seismic and EM monitoring, subtle  precision in CO, Loseth [147];
p ) Norway data analysis, CO, leak detection in movement Nooner and

flow simulation

marine setting

tracking via neural
networks

Vasco [156]
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Table 8. Cont.

Project Location AI Application Key Challenges Outcomes Reference(s)
Significant CO,
ML applied for Budget overrun, reduction (35%);
Quest Project Alberta, Canada 1n]ecfc10n. leak.age risk, demonsfcrated [158,159]
monitoring and environmental economic and
optimization scrutiny technical viability
of CCS
Total trapping
. . index of 83.5%
Teapot Dome Field ~Wyoming, USA Slmulgtlon and ML Active Aquifer with 44,100 tons of Abdulkhaleq
Algorithms et al. [56]
CO, stored and
only 1.3% leakage
Pennsylvania . .
Orphaned and ! rigorous legacy Alsubaih
Abandoned wells Texas, Oklahoma, = CCS deployment Leakage Pathways well screening etal. [125]

Ohio

5.8. South Rumaila Field Integrated CO; Storage Optimization (Iraq)

The South Rumaila oil field in southern Iraq has served as a testbed for integrated
ML-assisted CO, storage optimization. Multiple studies have evaluated the combination
of Downhole Water Sink (DWS) technology, Huff and Puff (HnP) injection, and machine
learning-based optimization in both depleted hydrocarbon reservoirs and fully water-
saturated aquifers [57,58,79,94].

Key Findings:

NN-RBF Proxy Performance: RBF-NN surrogate models achieved R? = 0.982-1.000
for predicting CO, trapping efficiency, enabling rapid optimization of injection strategies
without compromising accuracy [57,58].

DWS Pressure Management: DWS extraction reduced average reservoir pressure by
~1100 psi, maintaining pressures below the fracture gradient and enabling safer, more
continuous injection operations [94].

Optimization Improvements: Well location optimization increased CO; storage by
21.2% (3.3 — 4.0 Mt), while flow rate optimization achieved 15.92 Mt CO; trapped with
LI = 3.38% [94].

NN-RBF vs. PSO: NN-RBF-based optimization outperformed PSO in solution stabil-
ity, computational efficiency, and balanced performance across multiple objectives (CO,
storage, trapping efficiency, and leakage reduction) [57].

DWS-HnP Integration: Combined DWS and Huff-and-Puff injection achieved
TTI=0.99 (99% trapping) and LI = 0.002 (0.2% leakage), demonstrating near-complete
containment with active pressure management [94].

These studies demonstrate that ML-assisted optimization with DWS pressure man-
agement provides a scalable, computationally efficient framework for enhancing CO,
storage security in mature reservoirs. The methodology is transferable to other depleted
hydrocarbon reservoirs and saline aquifers with similar geological characteristics.

6. Discussion

This section synthesizes the key findings of this review, critically evaluates the evi-
dence presented, compares conflicting results across studies, addresses the limitations of
reviewed methods, and identifies open knowledge gaps that remain after this comprehen-
sive synthesis. The discussion is organized around four themes: (1) synthesis of reviewed
evidence; (2) comparison of conflicting results; (3) critical evaluation of limitations; and
(4) open knowledge gaps and future research priorities.
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6.1. Synthesis of Reviewed Evidence

Across the CCS lifecycle, several overarching patterns emerge from the reviewed
literature that transcend individual studies and methodological approaches.

6.1.1. Consistent Performance Hierarchy of ML Algorithms

A consistent finding across multiple independent studies is the performance hi-
erarchy of ML algorithms for CO, trapping prediction. Vo Thanh et al. [15] demon-
strated that XGBoost consistently outperforms RF and SVR, achieving R? = 0.9993 and
RMSE = 0.0041. Safaei-Farouji et al. [55] independently confirmed this ranking, finding
RF > ANFIS > RBF > ET for residual and solubility trapping. Vo Thanh and Lee [15] further
showed that GPR achieved R? = 0.992, outperforming SVM and RF. Collectively, these
studies establish a robust performance hierarchy: XGBoost > GPR > RF > ANN > SVR,
with the specific ranking depending on dataset characteristics and prediction targets.

This consistent hierarchy reflects the fundamental strengths of ensemble methods:
XGBoost’s gradient-boosting framework excels at capturing complex nonlinear interactions
while maintaining resistance to overfitting through regularization; GPR provides proba-
bilistic outputs with excellent uncertainty quantification; Random Forest offers superior
interpretability at modest accuracy trade-offs. The practical implication is that algorithm
selection should be guided by application requirements: regulatory-sensitive decisions
(e.g., site selection, risk assessment) favor interpretable RF models, while high-accuracy
predictions for operational optimization favor XGBoost or GPR.

6.1.2. The Critical Role of Field-Scale Validation

A second emergent theme is the critical importance of field-scale validation for ML
model credibility and practical adoption. Studies that validated ML models on real field
data consistently demonstrated lower R? values compared to synthetic validations, re-
flecting the inherent complexity and heterogeneity of real-world reservoirs. For example,
Vo Thanh and Lee [15] achieved R? = 0.999 on synthetic test data but R? = 0.9935 when
validated on field data from the Cuu Long Basin, a modest but meaningful reduction.
Similarly, Abdulkhaleq et al. [56] achieved R? values of 0.962, 0.847, and 0.849 for different
objectives on the Tensleep formation, highlighting the gap between laboratory/synthetic
accuracy and field performance.

This pattern underscores that ML models trained on synthetic or idealized datasets
may exhibit “accuracy inflation” that does not translate to field deployment. The implica-
tion is that rigorous field validation, even with reduced accuracy metrics, is essential for
building trust in ML predictions for CCS applications.

6.1.3. The Convergence of Monitoring and ML Technologies

A third emergent theme is the convergence of advanced monitoring technologies
with ML analytics. The integration of 4D seismic data [37,95], distributed fiber-optic sens-
ing (DTS/DAS) [35], and real-time pressure monitoring [66,67] with ML algorithms is
enabling unprecedented levels of subsurface surveillance. The cost-sensitivity analysis
(Figure 6) reveals that optimal monitoring strategies combine multiple techniques—high-
sensitivity methods (crosswell tomography, downhole logging) for detailed characteriza-
tion paired with continuous techniques (pressure monitoring, atmospheric sensing) for
ongoing surveillance.

6.1.4. The Imperative of Geological Uncertainty Consideration

Robust optimization under geological uncertainty has been shown to improve CO,
trapping by 15-28% compared to nominal optimization [17]. This finding, validated
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across multiple reservoir types and injection scenarios, demonstrates that accounting
for geological uncertainty is not merely an academic exercise but a practical necessity
for maximizing storage efficiency and reducing project risks. The implication is that
uncertainty quantification should be standard practice in CCS project design rather than an
optional enhancement.

6.2. Comparison of Conflicting Results and Explanation of Discrepancies

While many findings are consistent across studies, several apparent conflicts emerge
in the reviewed literature that warrants careful examination.

6.2.1. XGBoost vs. GPR vs. RF: Which Algorithm Is “Best”?

The reviewed studies present seemingly conflicting performance rankings. Vo Thanh
et al. [15] ranked XGBoost highest (R? = 0.9993), while Safaei-Farouji et al. [55] ranked
RF highest (R? = 0.995), and Vo Thanh and Lee [15] ranked GPR highest (R? = 0.992).
However, these discrepancies are explained by differences in dataset characteristics and
prediction targets:

Dataset size and diversity: XGBoost excels with larger, more diverse datasets
(1509 samples from 33 fields) where its regularization prevents overfitting [15]. RF per-
forms well with moderate datasets (1868 samples) where its ensemble nature provides
robustness [55]. GPR shows particular strength with smaller datasets where its probabilistic
framework provides meaningful uncertainty quantification [15].

Prediction target: XGBoost demonstrates particular strength for solubility trapping
(R? = 0.9993), while RF shows comparable performance for residual trapping (R? = 0.995).
GPR excels when uncertainty quantification is prioritized over point prediction accuracy.

Interpretability requirements: RF offers superior interpretability through feature im-
portance analysis, making it preferred for regulatory-sensitive applications despite slightly
lower accuracy.

The practical implication is that no single algorithm is universally “best”; rather,
algorithm selection should be guided by dataset characteristics, prediction targets, and
application requirements.

6.2.2. Deep Learning Speedup vs. Accuracy Trade-Off

Yan et al. [36] reported that FNO-based deep learning surrogates achieved 250 x speedup
compared to full physics simulation while maintaining high predictive fidelity. However,
this speedup comes with trade-offs: the deep learning models are “black boxes” with
limited interpretability, require extensive training data, and may extrapolate poorly outside
their training domain. In contrast, simpler surrogate models (e.g., MARS, RF) offer greater
interpretability and easier deployment at the cost of reduced speedup (typically 10-100x).
The choice between these approaches depends on the specific application: real-time opera-
tional optimization may justify the speed-accuracy trade-off, while regulatory submissions
may require the interpretability of simpler models.

6.2.3. Monitoring Technique Effectiveness

The reviewed literature presents apparently conflicting assessments of monitoring
technique effectiveness. Chen et al. [19] found that pressure data provide higher value of
information than CO, saturation or temperature data. However, Sambo et al. [95] ranked
4D seismic as most reliable for imaging CO, distribution. These findings are not contradic-
tory but reflect different evaluation criteria: pressure data excel for continuous, real-time
surveillance, while 4D seismic excels for detailed spatial characterization. The optimal
monitoring strategy combines both pressure monitoring for continuous surveillance and
periodic seismic surveys for detailed plume imaging.
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6.2.4. The Role of Cement Degradation in CCS Risk

Alsubaih et al. [35] demonstrated that self-healing cement formulations maintain
porosity increases below 4% under CO, exposure, while conventional cement degrades
by over 17%. However, some studies suggest that cement degradation may be less critical
than other risk factors (e.g., fault reactivation, legacy wells). These perspectives are not
contradictory but reflect different risk assessment timeframes: cement degradation is a
long-term risk (decades to centuries), while fault reactivation and legacy well leakage
present more immediate operational risks. The implication is that risk mitigation strategies
must address both short-term operational risks and long-term material degradation.

6.3. Critical Evaluation of Limitations of Reviewed Methods

Despite significant advances, the reviewed ML methods and CCS applications exhibit
several important limitations that must be acknowledged.

6.3.1. Data Limitations

Synthetic data dominance: A majority of ML studies in CCS are trained on synthetic or
laboratory-generated datasets. While such studies provide valuable proof-of-concept and
methodological development, they may not capture the full complexity of heterogeneous,
real-world reservoirs. The performance gap between synthetic validation (R?> > 0.99)
and field validation (R? ~ 0.85-0.95) documented in multiple studies underscores this
limitation [15,56].

Data scarcity: Subsurface data are inherently expensive to acquire, resulting in limited
sample sizes for ML training. While studies with 1500-6800 samples [15,55,143] represent
progress, they remain small compared to typical ML benchmarks. This scarcity limits
the application of data-hungry deep learning methods and necessitates careful feature
engineering and regularization.

Data heterogeneity: The reviewed studies use diverse datasets with varying geological
settings, injection conditions, and measurement protocols. While heterogeneity enhances
model generalizability, it also complicates direct comparison of results across studies and
may obscure important site-specific effects.

6.3.2. Model Interpretability

The “black box” nature of deep learning models and complex ensemble methods
(e.g., XGBoost, GPR) poses significant challenges for regulatory acceptance and operational
trust in safety-critical CCS applications. While SHAP, LIME, and other explainable Al
techniques provide partial interpretability [16], they do not fully address the need for
physically transparent and verifiable predictions. The trade-off between accuracy and
interpretability (Figure 4) is a fundamental challenge that requires explicit consideration in
algorithm selection.

6.3.3. Generalization and Extrapolation

ML models are fundamentally interpolation tools and may fail when extrapolating
beyond their training domain. This limitation is particularly acute for CCS applications
where novel reservoir conditions, injection strategies, or operational scenarios may fall
outside the training data distribution. Surrogate models trained on limited simulation
scenarios may produce inaccurate predictions for conditions not represented in the training
dataset—a risk that is often underappreciated in ML-based CCS studies.

6.3.4. Computational Constraints

While ML surrogates dramatically reduce simulation time (250 x speedup reported by
Yan et al. [36]), training deep learning models requires substantial computational resources

https://doi.org/10.3390/en19133104


https://doi.org/10.3390/en19133104

Energies 2026, 19, 3104

37 of 53

and expertise. The training time for FNO-based surrogates (2.25 h on GPU) and the need for
large training datasets (90 simulation runs) may be prohibitive for some CCS applications,
particularly in resource-constrained settings.

6.3.5. Integration Challenges

ML models are often developed in isolation from operational workflows, leading
to integration challenges in real-world CCS projects. The absence of standardized inter-
faces, data formats, and validation protocols complicates the deployment of ML tools in
operational settings. Legacy CCS infrastructure and conservative industry culture further
slow adoption.

6.3.6. ML vs. Physical Modeling: When Does ML Surpass and When Does It Fit Noise?

A critical question underlying any ML application in CCS is whether ML gen-
uinely advances predictive capability beyond physical modeling, or whether it merely
fits noise on limited datasets. This distinction is essential for responsible deployment and
regulatory acceptance.

Machine learning genuinely surpasses physical modeling in several well-defined
scenarios. First, ML excels at high-dimensional pattern recognition, detecting complex,
nonlinear relationships that are difficult to capture with physics-based models. This is
evidenced by studies achieving R? = 0.9993 for CO, trapping prediction from 1509 field
samples using XGBoost [15]. Second, ML provides dramatic computational acceleration,
with Fourier Neural Operator-based surrogates reducing simulation time by factors of 250
or more while maintaining high predictive fidelity [37]. Third, ML enables effective data
fusion, integrating heterogeneous data types, seismic, well logs, pressure, and production
data, for applications such as history matching with 4D seismic and monitoring well
data [144]. Fourth, ML supports real-time decision support, providing predictions in
milliseconds versus hours or days for conventional simulators, as demonstrated in smart
injection control systems [16]. Fifth, ML excels at anomaly detection, identifying subtle
patterns in high-frequency sensor data using architectures such as ConvLSTM and CNN-
BiLSTM for pressure anomaly detection [66,67].

Conversely, ML risks fitting noise under several conditions. When datasets are small,
ML models tend to overfit to spurious correlations, necessitating the use of simpler models
such as Random Forest or Support Vector Regression with regularization, or Gaussian
Process Regression for uncertainty quantification. When models are trained predominantly
on synthetic data, they may learn artificial patterns that do not generalize to real-world
conditions, a problem that can be mitigated by requiring field validation and reporting the
accuracy gap between synthetic and field performance. When extrapolation beyond the
training domain is required, ML models often fail because conditions differ from those
represented in the training data; this risk can be managed by restricting predictions to the
training domain, using physics-informed ML approaches, or validating against physical
models. When models lack physical constraints, they may violate conservation laws;
integrating mass balance, thermodynamic principles, and geomechanical constraints into
ML architectures addresses this limitation. Finally, when black-box predictions are used for
safety-critical decisions, the lack of interpretability undermines trust, favoring the use of
interpretable models such as Random Forest or explainable Al techniques such as SHAP
and LIME.

For practitioners, this framework provides clear guidance. ML is preferable when
large, high-quality field datasets are available (>1000 samples), when relationships are
complex and nonlinear, when computational speed is critical for real-time decisions, when
multiple data types must be integrated, or when the task involves pattern recognition such
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as anomaly detection or image interpretation. Physical modeling is preferable when data
are scarce (<200 samples), when physical understanding is strong and well-validated, when
extrapolation beyond known conditions is required, when regulatory submissions require
physically based predictions, or when the task involves well-understood linear or weakly
nonlinear physics. Hybrid approaches that combine ML with physical constraints are
preferable when moderate data are available (200-1000 samples), when physical constraints
must be enforced, when both speed and accuracy are required, when uncertainty quan-
tification is critical, or when the application involves coupled physical processes such as
thermo-hydro-mechanical-chemical (THMC) effects. This framework enables practitioners
to make informed decisions about when ML is genuinely valuable versus when it may
introduce unwarranted complexity or risk.

6.4. Open Knowledge Gaps and Future Research Priorities

Despite the substantial progress documented in this review, several critical knowledge
gaps remain that require focused research attention.

6.4.1. Physics-Informed ML Integration

While hybrid ML-physics approaches show promise [37,81], they remain underde-
veloped relative to purely data-driven methods. Future research should prioritize the
integration of physical constraints (mass conservation, thermodynamic laws, geomechani-
cal principles) into ML architectures to enhance physical consistency, improve extrapolation
capability, and increase regulatory acceptance. Physics-informed neural networks (PINNs)
and constraint-encoded ensemble methods represent promising directions.

Future research should prioritize the integration of physical constraints into ML archi-
tectures. Physics-Informed Neural Networks (PINNs) represent a particularly promising
direction, as they embed governing physical laws directly into the loss function, ensuring
consistency with conservation principles. For CCS, PINNs could be applied to enforce
mass balance in plume predictions, constrain geomechanical simulations, and enable re-
liable extrapolation beyond training data. However, challenges include computational
cost for large-scale problems, the need for accurate physical parameterization, and integra-
tion with existing simulation workflows. Hybrid approaches that combine PINNs with
data-driven ensemble methods may offer the optimal balance of physical consistency and
predictive accuracy.

6.4.2. Standardized Benchmarking and Validation

The field lacks standardized benchmark datasets and evaluation protocols for ML in
CCS applications. This absence complicates fair comparison of methods, hinders scientific
progress, and limits regulatory acceptance. Future work should develop:

e  Open-source benchmark datasets representing diverse geological settings and opera-
tional conditions

e Standardized evaluation metrics and validation protocols

e  Reproducible ML pipelines for CCS applications

6.4.3. Uncertainty Quantification

While GPR and ensemble methods provide some uncertainty estimates, comprehen-
sive uncertainty quantification for ML predictions in CCS remains underdeveloped. Future
research should focus on:

e  Bayesian deep learning for CCS applications
e Ensemble-based uncertainty quantification
e  Confidence calibration for ML predictions
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e Integration of uncertainty estimates into operational decision-making

6.4.4. Long-Term Performance Prediction

CCS projects require performance predictions over decadal to centennial timeframes,
while most ML models are trained on relatively short-term data. The extrapolation of ML
predictions to long-term performance remains a critical gap. Research should address:

e  Transfer learning from short-term to long-term predictions
e Integration of mechanistic degradation models with ML
e Validation against long-term field data (e.g., Sleipner’s 20+ years of operation)

6.4.5. Digital Twin Integration
While digital twin technology shows promise for CCS applications [35], its integration

with ML-based predictive models remains nascent. Future research should address:

Real-time data assimilation for digital twins
ML-enhanced model updating and calibration
Predictive maintenance and remaining useful life (RUL) estimation

Autonomous control and optimization frameworks

6.4.6. Regulatory Frameworks for ML-Assisted CCS

The absence of regulatory frameworks for ML-assisted CCS decisions represents a
significant barrier to adoption. Research is needed to:

e  Develop guidelines for ML model validation and verification
e  [Establish standards for explainability and transparency
e  Create frameworks for uncertainty communication to regulators and stakeholders

6.4.7. Legacy Well Risk Assessment

The presence of millions of orphaned and abandoned wells [125] poses a critical chal-
lenge for CCS deployment. While Alsubaih et al. [125] demonstrated ML-based prediction
of orphan well locations; comprehensive risk assessment frameworks that integrate ML
predictions with operational decision-making remain underdeveloped. Future research
should address:

e  Probabilistic risk assessment for legacy well leakage
e Integration of well integrity data with reservoir simulation
e  DPrioritization of remediation efforts based on ML-based risk scoring

6.4.8. Cost-Effective Monitoring Optimization

While the cost-sensitivity analysis (Figure 6) provides qualitative guidance for mon-
itoring strategy selection, quantitative optimization of monitoring networks remains an
open challenge. Future research should develop:

e  ML-based optimization of sensor placement and monitoring frequency
e  Value of information (VOI) frameworks for monitoring design
e Integration of monitoring costs with risk reduction benefits

6.5. Summary of Discussion

This discussion has synthesized the reviewed evidence across four themes, compared
conflicting results and explained their underlying discrepancies, critically evaluated the
limitations of reviewed methods, and identified open knowledge gaps with prioritized
research directions. The analysis reveals that while ML has demonstrated transformative
potential across the CCS lifecycle, realizing this potential requires addressing fundamen-
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tal challenges in data availability, model interpretability, generalization, computational
constraints, and integration with operational workflows. The prioritized research agenda,
encompassing physics-informed ML, standardized benchmarking, uncertainty quantifi-
cation, long-term prediction, digital twin integration, regulatory frameworks, legacy well
risk assessment, and cost-effective monitoring, provides a roadmap for advancing the field
and accelerating the deployment of ML-assisted CCS.

7. Conclusions

This review has systematically examined the integration of machine learning across
the carbon capture and storage lifecycle, encompassing pre-injection evaluation, injection
optimization, and post-injection monitoring. The analysis reveals that ML has matured from
a promising research tool to a practical technology with demonstrated value across multiple
CCS applications. This section synthesizes the key findings, articulates the practical and
policy implications, and outlines a forward-looking agenda for realizing the full potential
of ML-assisted CCS.

7.1. Summary of Key Findings

The reviewed evidence establishes several robust findings that transcend individual
studies and methodological approaches:

Algorithm Performance Hierarchy: XGBoost and Gaussian Process Regression consis-
tently achieve the highest predictive accuracy (R? > 0.99) for CO, trapping efficiency, while
Random Forest offers competitive performance (R? ~ 0.95-0.98) with superior interpretabil-
ity. The choice between these algorithms should be guided by the specific application:
regulatory-sensitive decisions favor interpretable models, while high-accuracy operational
optimization favors boosting methods.

Computational Acceleration: Deep learning surrogates, particularly Fourier Neural
Operators, can accelerate plume simulations by factors of 250 or more compared to full
physics simulation, making previously intractable problems, such as rigorous uncertainty
quantification for large-scale storage projects, computationally feasible.

Uncertainty Matters: Robust optimization under geological uncertainty improves CO,
trapping by 15-28% compared to nominal optimization, demonstrating that accounting for
geological heterogeneity is not merely an academic exercise but a practical necessity for
maximizing storage efficiency.

Monitoring Convergence: The integration of ML with advanced monitoring tech-
nologies (4D seismic, distributed fiber-optic sensing, real-time pressure monitoring) en-
ables unprecedented subsurface surveillance. The optimal monitoring strategy combines
high-sensitivity techniques for detailed characterization with continuous techniques for
ongoing surveillance.

Wellbore Integrity Critical: Coupled thermo-hydro-chemo-mechanical effects critically
control long-term storage security. Self-healing cement formulations maintain porosity
increases below 4%, whereas conventional cement degrades by over 17% under CO,
exposure. Smart injection systems using reinforcement learning reduce CO, leakage
through legacy wells by up to 84%.

Legacy Well Risk: Over 225,000 documented orphaned wells in the United States,
with millions more undocumented—pose a significant challenge for CCS site selection,
necessitating ML-based prediction tools for risk screening and remediation prioritization.

7.2. Practical Implications for CCS Operations

The findings of this review have several practical implications for CCS operators and
project developers:
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Algorithm Selection Protocol: Operators should adopt a structured approach to al-
gorithm selection based on application requirements. For site screening and regulatory
submissions, Random Forest’s interpretability is advantageous. For operational optimiza-
tion where prediction accuracy is paramount, XGBoost or GPR should be preferred. For
uncertainty quantification, GPR’s probabilistic framework provides unique value.

Monitoring Network Design: The cost-sensitivity analysis (Figure 6) provides a frame-
work for designing cost-effective monitoring networks. Operators should combine pressure
monitoring (low cost, continuous) for routine surveillance with periodic 4D seismic sur-
veys (high cost, high resolution) for detailed plume imaging. The incremental benefit of
additional monitoring wells diminishes beyond a certain threshold.

Injection Strategy Optimization: Robust optimization under geological uncer-
tainty should be standard practice rather than an optional enhancement. The 15-28%
improvement in CO, trapping documented in this review justifies the additional
computational investment.

Legacy Well Risk Management: CCS projects must conduct rigorous legacy well
screening and, where necessary, re-abandonment campaigns before operations can safely
commence. ML-based prediction of undocumented orphan wells can inform risk-based
prioritization of remediation efforts.

Wellbore Integrity Investment: Long-term storage security depends critically on well-
bore integrity. Investment in self-healing cement formulations and smart injection systems
should be prioritized for CCS projects, as they provide demonstrable improvements in
leakage prevention.

7.3. Policy Implications and Recommendations

The findings of this review have significant implications for policymakers, regulators,
and international bodies working to enable large-scale CCS deployment.

7.3.1. Regulatory Frameworks for ML-Assisted CCS

Current regulatory frameworks do not adequately address the use of ML for CCS
decision-making. Regulators should carry out the following;:

e Develop validation standards for ML models used in safety-critical CCS applica-
tions, including requirements for model transparency, uncertainty quantification, and
field validation.

e  Establish guidelines for explainability, requiring that ML predictions used for regu-
latory submissions be accompanied by interpretability analysis (e.g., SHAP, feature
importance) that enables human oversight.

o Create frameworks for uncertainty communication, ensuring that ML prediction
uncertainties are appropriately conveyed to regulators, stakeholders, and the public.

e  [Enable iterative model updating, allowing ML models to be refined as new monitoring
data become available, improving prediction accuracy over time.

7.3.2. Standardization and Data Sharing

The absence of standardized benchmark datasets and evaluation protocols hinders
scientific progress and regulatory acceptance. Policymakers should carry out the following:

e  Support the development of open-source benchmark datasets for CCS ML applications,
representing diverse geological settings and operational conditions.

e  Encourage data sharing among CCS projects, operators, and research institutions to
build larger, more diverse training datasets that enhance model generalizability.

e  Promote the adoption of standardized evaluation metrics and validation protocols to
enable fair comparison of ML methods.
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e Support the development of reproducible ML pipelines that facilitate technology
transfer from research to operational deployment.

7.3.3. Investment and Incentive Structures

The economic viability of CCS projects can be enhanced through ML-enabled cost
reduction. Policymakers should carry out the following:

e Incentivize ML adoption through tax credits, grants, or favorable regulatory treatment
for projects that demonstrate robust ML-based risk management.

e  Support research and development in priority areas identified in this review, including
physics-informed ML, uncertainty quantification, and digital twin integration.

e  Fund field validation studies that bridge the gap between laboratory/synthetic ML
development and operational deployment.

e  Create public—private partnerships to accelerate the development and deployment of
ML tools for CCS.

7.3.4. International Collaboration

CCS deployment requires international coordination to achieve climate goals. Policy-
makers should carry out the following:

e Promote international standards for ML-assisted CCS, ensuring consistency
across jurisdictions.

e  Facilitate knowledge transfer between regions with advanced CCS capabilities (e.g.,
Europe, North America) and regions with emerging CCS programs.

e  Support collaborative research on cross-cutting challenges such as legacy well risk
assessment and long-term monitoring.

e Align ML development with climate policy goals, ensuring that ML-assisted CCS
contributes to net-zero emission targets.

7.3.5. Workforce Development

The interdisciplinary nature of ML-assisted CCS requires new skills and expertise.
Policymakers and industry should carry out the following:

e Invest in education and training at the intersection of data science, geoscience, and
petroleum engineering.

e  Support interdisciplinary research programs that bring together ML researchers, geo-
scientists, and engineers.

e Encourage industry-academia collaboration to ensure that ML research addresses
real-world CCS challenges.

e  Develop certification programs for ML practitioners in CCS applications.

7.4. Open Challenges and Future Research Priorities

Despite the substantial progress documented in this review, several critical challenges
remain that require focused research attention:

e  Physics-Informed ML: The integration of physical constraints (mass conservation,
thermodynamic laws, geomechanical principles) into ML architectures remains un-
derdeveloped. Future research should prioritize physics-informed neural networks
and constraint-encoded ensemble methods to enhance physical consistency and
regulatory acceptance.

e Standardized Benchmarking: The field lacks standardized benchmark datasets and
evaluation protocols for ML in CCS applications. Future work should develop open-
source benchmarks, standardized metrics, and reproducible pipelines.
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e  Uncertainty Quantification: Comprehensive uncertainty quantification for ML pre-
dictions remains underdeveloped. Research should focus on Bayesian deep learning,
ensemble-based methods, and confidence calibration for CCS applications.

e  Long-Term Performance Prediction: CCS projects require performance predictions
over decadal to centennial timeframes. Research should address transfer learning
from short-term to long-term predictions and integration of mechanistic degradation
models with ML.

e  Digital Twin Integration: While digital twin technology shows promise, its integration
with ML-based predictive models remains nascent. Research should address real-time
data assimilation, predictive maintenance, and autonomous control frameworks.

o  Legacy Well Risk Assessment: Comprehensive risk assessment frameworks that in-
tegrate ML predictions with operational decision-making for legacy well leakage
remain underdeveloped.

7.5. Concluding Remarks

Machine learning has demonstrated transformative potential across the CCS lifecycle,
from pre-injection site selection to post-injection monitoring. The evidence reviewed in this
paper establishes that ML can accelerate simulations by factors of 250 or more, improve
prediction accuracy to R? > 0.99, reduce CO, leakage by up to 84%, and optimize injection
strategies to improve trapping by 15-28%. These capabilities translate directly to reduced
costs, enhanced safety, and improved storage security.

However, realizing the full potential of ML-assisted CCS requires addressing fun-
damental challenges in data availability, model interpretability, generalization, and in-
tegration with operational workflows. The prioritized research agenda, encompassing
physics-informed ML, standardized benchmarking, uncertainty quantification, long-term
prediction, digital twin integration, regulatory frameworks, and legacy well risk assessment,
provides a roadmap for advancing the field.

Policy action is urgently needed to establish regulatory frameworks for ML-assisted
CCS, promote standardization and data sharing, create incentive structures for ML adop-
tion, and support the interdisciplinary workforce development required for this emerging
field. International collaboration will be essential to accelerate progress and ensure that ML
contributes effectively to global net-zero emission targets.

Ultimately, the integration of ML into CCS represents not merely a technical enhance-
ment but a paradigm shift in how we approach subsurface storage. By enabling data-driven
decision-making, reducing uncertainty, and improving operational efficiency, ML can help
unlock the full potential of geological carbon sequestration as a cornerstone of climate
change mitigation.

7.6. A Unified ML Framework for CCS: Implementation Blueprint

While this review has synthesized ML applications across the CCS lifecycle, a critical
gap remains between research advances and operational deployment. To bridge this gap,
we propose a unified ML framework that provides a structured pipeline for implementing
ML in CCS projects. The framework consists of five interconnected modules, as illustrated
in Figure 9.

The outlined five modules in Figure 9 are illustrated, and they are as follows:

Module 1: Data Layer. The foundation of any ML application is the data layer, which
encompasses all relevant data sources for CCS operations. This includes geological data
(porosity, permeability, structure, lithology), well logs (gamma ray, resistivity, density,
sonic), seismic data (2D/3D/4D attributes), production and injection data (rates, pressures,
temperatures), monitoring data (pressure, temperature, seismic, geochemical), and litera-
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ture or field data from published studies. For CCS applications, special consideration must
be given to the heterogeneous nature of subsurface data, the sparse well coverage typical
of many reservoirs, the temporal resolution of monitoring data, and the quality control re-
quired for field measurements. The data layer must also address uncertainty quantification
in geological properties, which is essential for robust ML model development.

o MODULE 1 e MODULE 2 MODULE 3
DATA LAYER FEATURE ENGINEERING MODEL LAYER

Data Acquisition & Management Data Preparation & Transformation Model Development & Validation
= i + Algorithm selection
== Geologicaldata v * Feature selection (RF, XGBoost, GPR, ANN, FNO, PINN)
+ Well logs — 252+ Dimensionality reduction = ¥ Eﬁﬂﬂ?sed. Unsupervised,
- il Semi-supervised)
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_fx « Feature construction C * Uncertainty quantification
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Y 2 ;-l-, * Handling missing data H * Model interpretability
&  * Field measurements u[]|] (SHAP, LIME, Feature importance)
\ D, \ J J
Y | |
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DEPLOYMENT & INTEGRATION MONITORING & MAINTENANCE
Operational Deployment Lifecycle Management
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(IJ * Model serving & @ ° Decisionsupport Q + Error analysis P~ + Drift detection E] * Auditlogging
T G ) + Edge/Cloud deployment e i
Y1« Integration wit - + Operational workflow g
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Enl  atuicions ER - scaohmegrtin LF  fmgun @' Feedback ntegration 11 Cotuss: @ Documentation

FEEDBACK LOOP i
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drift detection, and performance improvement

Figure 9. Unified ML framework for CCS—implementation blueprint.

Module 2: Feature Engineering. The feature engineering module transforms raw data
into meaningful input variables for ML models. This involves feature selection to identify
the most relevant geological, petrophysical, and operational parameters; dimensionality
reduction using techniques such as Principal Component Analysis (PCA) or autoencoders to
manage high-dimensional data; and data augmentation through synthetic data generation
or transfer learning to address data scarcity. Normalization and scaling are essential for
handling different physical units across variables. Feature construction, creating derived
features such as ratios, gradients, or physics-based combinations, incorporates domain
knowledge directly into the ML pipeline. Missing data handling through imputation or
uncertainty propagation is particularly critical for CCS applications where well logs and
monitoring data may have gaps or inconsistent coverage.

Module 3: Model Layer. The model layer encompasses algorithm selection, training,
validation, hyperparameter optimization, uncertainty quantification, and interpretability
analysis. Algorithm selection should be guided by the specific application: Random
Forest for regulatory-sensitive decisions requiring interpretability; XGBoost or GPR for
high-accuracy predictions; deep learning architectures (FNO, CNN, LSTM) for large-scale
spatial-temporal problems; and Physics-Informed Neural Networks (PINNs) when physical
constraints must be enforced. Training must employ appropriate validation strategies,
including cross-validation and out-of-sample testing with geological grouping to avoid data
leakage. Hyperparameter optimization using grid search or Bayesian methods prevents
overfitting. Uncertainty quantification through ensemble methods or Bayesian approaches
provides confidence intervals essential for risk assessment. Interpretability analysis using
SHAP, LIME, or feature importance ensures regulatory acceptance and operator trust.

Module 4: Deployment and Integration. The deployment module translates ML
models from research to operational use. This involves developing APIs (REST APlIs) for
model access and integration with existing operational systems; implementing real-time
prediction capabilities with millisecond inference times to meet operational constraints;
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establishing automated alerting systems based on rule-based or ML-triggered events with
careful false positive management; integrating ML models with existing simulators for
surrogate model use and hybrid approaches; connecting to SCADA systems for operational
data pipelines; and developing decision support tools with clear visualizations and action-
able recommendations for engineers. This module requires close collaboration between
data scientists, reservoir engineers, and IT specialists to ensure seamless integration.

Module 5: Monitoring and Maintenance. The final module ensures that ML models
remain accurate and reliable over time. This includes performance tracking to monitor
prediction accuracy over time and detect bias or drift as reservoir conditions change;
automated or scheduled model retraining triggered by new data availability or performance
degradation; drift detection for both data drift (changes in input distributions) and concept
drift (changes in underlying relationships); version control for models and data to ensure
reproducibility and audit trails; and audit logging of prediction records and decisions
for regulatory compliance. For CCS applications, where reservoir conditions evolve over
decades, this module is particularly critical for maintaining prediction reliability throughout
the injection and post-injection monitoring periods.

Implementation Roadmap for Practitioners. The framework can be implemented in
four phases. Phase 1—Assessment (0-3 months) involves defining the problem and success
criteria, auditing available data quality and quantity, identifying gaps and prioritizing data
collection, and selecting the appropriate ML approach based on data availability and appli-
cation context. Phase 2—Development (3-6 months) includes data preparation and feature
engineering, model training and validation, hyperparameter optimization, uncertainty
quantification, and interpretability analysis. Phase 3—Integration (6—9 months) focuses
on building APIs for model serving, integrating with operational workflows, developing
monitoring dashboards, and establishing alerting mechanisms. Phase 4—Deployment and
Maintenance (ongoing) involves deploying in pilot operations, monitoring performance
and retraining as needed, documenting lessons learned, and scaling to full operations.

Cost-Benefit Considerations. The value of ML implementation varies with data avail-
ability and application context. For data-scarce environments (<200 samples), physical
modeling with simple ML (RF, SVR) is recommended, with expected accuracy improve-
ments of 5-15% and low to medium development effort. For data-moderate environments
(200-1000 samples), hybrid approaches combining PINNs with GPR are appropriate, offer-
ing 10-25% accuracy improvements with medium development and maintenance effort.
For data-rich environments (>1000 samples), full ML implementation with XGBoost or
deep learning is feasible, providing 20-40% accuracy improvements but requiring higher
development and maintenance effort. Regulatory acceptance varies inversely with model
complexity: physics-based approaches enjoy high acceptance, hybrid approaches medium
acceptance, and black-box models low acceptance unless accompanied by robust inter-
pretability and validation.

This framework provides engineers with a practical, modular blueprint for implement-
ing ML in CCS projects, from data acquisition to operational deployment, while addressing
the critical gaps identified in this review.

Author Contributions: Conceptualization, W.J.A.-M., A.A. and K.S.; methodology, W.J.A.-M., A.A.
and K.S,; validation, W.J.A.-M. and A.A.; formal analysis, W.J.A.-M. and K.S.; investigation, W.J.A.-M.
and K.S,; resources, WJ.A.-M., A.A. and K.S,; data curation, A.A.; writing—original draft preparation,
W.J.A.-M. and A A ; writing—review and editing, W.J.A.-M., A.A. and K.S; visualization, W.J.A.-M.;
supervision, K.S.; project administration, W.J.A.-M. All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external funding.

https://doi.org/10.3390/en19133104


https://doi.org/10.3390/en19133104

Energies 2026, 19, 3104

46 of 53

Data Availability Statement: The original contributions presented in the study are included in the
article, further inquiries can be directed to the corresponding author.

Acknowledgments: During the preparation of this work, the author used DeepSeek-V4 to generate
some paragraphs. After using this tool, the author reviewed and edited the content as needed and
took full responsibility for the content of the publication.

Conflicts of Interest: Author Watheq J. Al-Mudhafar was employed by the company Basrah Oil
Company. The remaining authors declare that the research was conducted in the absence of any
commercial or financial relationships that could be construed as a potential conflict of interest.

Nomenclature

Abbreviation Definition

General CCS Terms

Al Artificial Intelligence

ANN Artificial Neural Network

CCSs Carbon Capture and Storage
CCUS Carbon Capture, Utilization, and Storage
CNN Convolutional Neural Network
CPU Central Processing Unit

DL Deep Learning

EOR Enhanced Oil Recovery

FNO Fourier Neural Operator

GCS Geological Carbon Sequestration
GHG Greenhouse Gas

GNN Graph Neural Network

GPU Graphics Processing Unit

GPR Gaussian Process Regression

LHS Latin Hypercube Sampling

LST™M Long Short-Term Memory

MAE Mean Absolute Error

MARS Multivariate Adaptive Regression Splines
MCMC Markov Chain Monte Carlo

ML Machine Learning

MLP Multilayer Perceptron

MSE Mean Square Error

MVA Monitoring, Verification, and Accounting
0OB Out-of-Bag

PCA Principal Component Analysis
PINN Physics-Informed Neural Network
PSO Particle Swarm Optimization

RBF Radial Basis Function

RBFNN Radial Basis Function Neural Network
ReLU Rectified Linear Unit

RF Random Forest

RMSE Root Mean Square Error

ROC Receiver Operating Characteristic
ROM Reduced-Order Model

RNN Recurrent Neural Network

SVR Support Vector Regression

WAG Water-Alternating Gas

XGBoost Extreme Gradient Boosting
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Above Zone Monitoring Intervals
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CART Classification and Regression Tree
FEHM Finite Element Heat and Mass Transfer
kv/kh Vertical-to-Horizontal Permeability Ratio
RTI Residual Trapping Index

STI Solubility Trapping Index

TEI Total Efficiency Index

TTI Total Trapping Index

ucs Unconfined Compressive Strength

Optimization and Statistical Terms
ABC

Artificial Bee Colony
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SCA Sine-Cosine Algorithm
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SHAP SHapley Additive exPlanations

LIME Local Interpretable Model-agnostic Explanations
VOI Value of Information

RUL Remaining Useful Life

Monitoring and Field Terms
4D

Four-Dimensional (Time-Lapse)

FWI Full-Waveform Inversion

IBDP Illinois Basin-Decatur Project

InSAR Interferometric Synthetic Aperture Radar

IRMDSS Integrated Risk Management and Decision Support System
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