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Abstract

Carbon dioxide-enhanced oil recovery (CO2-EOR) is one of the best commercial carbon capture, utilization, and storage (CCUS)
technologies, enhancing oil recovery and achieving safe geological storage. However, data density and computational costs hinder
conventional reservoir simulations. This research presents a multi-output machine learning model to simultaneously predict both
incremental oil production and CO: storage volume. A selected global dataset of 173 projects was compiled, preprocessed, and
optimized. Among the evaluated algorithms (random forest, gradient boosting, and random forest chain), gradient boosting achieved
the best predictive performance, with a weighted coefficient of determination (R?) of 0.722. Model analysis showed that
permeability, depth, and miscibility strongly influence oil recovery (R? for gradient boosting = 0.87), while the predictability of
storage volume is low (R? for gradient e boosting = 0.5), which is significantly affected by reservoir depth and porosity. This study
highlights the potential of machine learning as a rapid screening tool for evaluating carbon capture, utilization, and storage projects,
identifying the performance of key factors, and emphasizing the need for standardized storage reporting to improve prediction

accuracy.
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1- Introduction

With global energy demand continuing to rise and
concerns about human-induced climate change growing,
technologies for utilizing and storing carbon dioxide have
emerged as radical solutions. Among these technologies,
carbon dioxide-enhanced oil recovery (CO2-EOR)
represents one of the most commercially viable
applications [1]. Injecting carbon dioxide into oil
reservoirs can achieve two objectives: first, enhance oil
recovery through miscible or immiscible displacement
mechanisms, and second, safely store carbon dioxide in
geological formations, contributing to carbon capture,
utilization, and storage strategies (CCUS) [2].

Conventional reservoir simulations require extensive
data inputs (geological and fluid characteristics, etc.) and
specialized expertise. These requirements often delay a
rapid site investigation [3]. To address these challenges,
many recent studies have turned to exploring artificial
intelligence techniques, including hybrid neural networks
and genetic algorithms, to improve injection strategies
[4].

Predicting the behavior of oil reservoirs has become
easier thanks to developments in artificial intelligence and
machine learning technologies. Machine learning
algorithms can handle the nonlinear relationships and
interactions found in reservoir engineering [5].

Applications in petroleum engineering include production
prediction [6] reservoir characterization [7], and
predicting the performance of the carbon capture,
utilization, and storage (CCUS) process [8].

A number of studies have investigated individual
enhanced oil recovery projects, and some have developed
artificial intelligence models for specific reservoirs. For
instance, Zhou et al. [3] provided a comprehensive review
of machine learning applications in reservoir engineering,
noting that while single-reservoir models achieve high
accuracy, their generalizability remains limited. Similarly,
various methods for estimating geological storage
capacity range from simple volumetric calculations to
complex dynamic reservoir simulations [9]. Although
researchers have developed empirical relationships to
predict storage volume, these often lack generalizability
across different geological environments [10].

Machine learning algorithms can capture complex,
nonlinear relationships directly from data without the
need for explicit physical equations. This capability
makes them particularly well-suited for problems
involving complex and rapid prediction requirements
[11]. In petroleum engineering and CCUS applications,
methods such as random forests, support vector machines,
and artificial neural networks have been widely used to
predict oil production in both conventional and
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unconventional reservoirs and address CCUS challenges,
including forecasting CO- plume migration, estimating
storage capacity, optimizing well placement, and
designing monitoring systems.

However, a critical gap remains in the literature: no
research based on real-world, diverse field datasets has
yet been conducted to create a general predictive model
capable of simultaneously forecasting both oil recovery
and CO: storage. Previous studies, such as those by Sun
[8] and Aminu et al. [9], have either focused on simulated
data or developed site-specific correlations that cannot be
applied across different geological settings.

Multiple related objectives are predicted simultaneously
using multi-output regression, which provides advantages
over separate single-objective models when the outputs
are physically connected [12]. Techniques such as multi-
output regression models, regression chains, and
clustering methods have demonstrated promising results
in environmental and energy applications [13].

This work aims to fill this gap by: (1) compiling a
global dataset of enhanced oil recovery and carbon
capture and storage projects from real-world field data;
(2) developing a multi-output machine learning model,
trained on this diverse dataset, for predicting both
incremental oil production and CO: storage volume; and
(3) providing an interpretable analysis of the significance
of key reservoir characteristics on both objectives, thereby
offering a rapid screening tool for CCUS project
evaluation.

2- Data collection and methodology

The quality of any data-driven study fundamentally
depends on a high-quality, well-curated dataset. This
research relies on field data from published CO,-EOR
projects.

2.1. Data sources

In this study, the analysis was based on a large dataset
(173 case studies) collected through numerous published
research papers, global reports, and case studies. This
multi-source approach was used to ensure an accurate
representation of global CO, EOR and storage projects.

2.2. Types of data and variables

e Geological and petrophysical parameters: Reservoir
depth, thickness, temperature, pressure, porosity,
permeability.

Fluid properties: Oil API gravity, oil viscosity.
Operational parameters: minimum miscible pressure

(MMP)

e Performance  parameters  (Target  Variables)
incremental oil production and estimated CO, storage
volume.

2.3. Preprocessing of data

Handling Missing Values: Parameters with a high
proportion of missing data (>70% missing values)
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were excluded from quantitative statistical analyses
(e.g., correlation studies, mean calculations). In
contrast, parameters with a small percentage of
missing data were not subjected to any procedure,
this is to ensure that all of the presented statistics and
conclusions were based only on the reported
measurements and avoid the introduction of potential
bias. Removes any row missing either target, 173
rows become 105 rows. It can't predict missing
targets in supervised learning. For feature variables,
replaces missing values with column average
(median for numbers, mode for categories).

Unit Standardization: All values have been converted
to standard units to enable accurate comparisons and
correlations. Depth is expressed in meters, pressure in
psi, permeability in millidarcies (mD), viscosity in
centipoise (cP), and temperature in degrees Celsius.
Feature Engineering for a machine learning model
development:

1. Reservoir quality index (RQI), in pm, quantifies the
flow capacity of reservoir rock by combining
permeability and porosity (Eq. 1), where k is
permeability, ¢ is porosity, and 0.0314 is a conversion
factor. RQI combines permeability and porosity into a
single quality metric [14].
RQI = 0.0314 x V(k / ¢) (1)
2. Flow zone indicator (FZI) classifies the reservoir into
hydraulic flow units with similar pore characteristics as
presented in Eq. 2, where @z represents the normalized
porosity, which is [¢ / (1 - ¢)]. FZI is Better for
heterogeneous reservoirs [14].

@)

3. The miscibility ratio (MR) is defined as the ratio of the
reservoir pressure to the minimum miscible pressure (Eq.
3).

FZI = RQI / (¢2)

MR = Preservoir
MMP

3)
4. Theoretical storage capacity (SC) represents the
potential amount of stored CO, in a formation. It
highlights the importance of pore volume. As presented in
Eq. 4, it can be calculated using porosity (¢), thickness
(h), areal extent (A), density of CO. (pcp2), and the
storage efficiency factor (E).
SC=¢pXhXAXpco, XE 4
5. Mobility ratio (MI) quantifies the ease with which fluid
flows in the reservoir. It is defined as the ratio of
permeability to fluid viscosity (u).

M=%

6]
u

6. Porosity-permeability ratio: Captures the nonlinear
relationship between porosity and permeability, Eq. 6
[15].
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¢ —kratio = (¢/100) / In(1 + k)

(6)
2.4. Machine learning model

The primary objective of building the model is to
perform multi-objective forecasting of incremental oil
production and CO, storage. A range of common machine
learning algorithms will be implemented and compared to
ensure robustness, including Random Forest, Gradient
Boosting, and Random Forest Chain. The choice of these
algorithms was justified by their proven success in
solving similar problems in petroleum engineering,
including production forecasting.

Model training and validation

1. Data splitting: The compiled dataset was randomly

split into a training set (80%) and a hold-out test set

(20%).

2. Cross-validation: The training set was further used in
a 5-fold cross-validation scheme to tune the model
hyperparameters. This process helps in reducing the
risk of overfitting and provides a more reliable
estimate of the model’s performance [16].

3. Performance metrics: The developed models were
evaluated and compared using two performance
metrics: The determination coefficient (R?), which
represents the proportion of variance in the target
variable explained by the model; the Root Mean
Squared Error (RMSE), which represents the average
magnitude of the predicted errors in the units of the
target variable.

3- Results and discussion

3.1. Most Influential Parameters on Incremental Oil

Production

Average Permeability: As can be seen from Fig. 1, the
average permeability and incremental oil production are
strongly and positively correlated. This can be explained
by the correlation between injectivity and permeability,
meaning that the higher the permeability, the higher the
injection rate and, consequently, the higher the
displacement efficiency, which increases the production
rate. According to Chen et al. [15] the oil recovery
increases as the average permeability increases.

Average porosity: Fig. 2, shows average porosity versus
incremental oil production. There is clear scatter in the
results, indicating that oil production does not depend
solely on porosity. This is because porosity is a measure
of the reservoir's ability to store oil (hydrocarbon pore
volume), not its ability to flow or produce oil. While
porosity is necessary for oil in place, it is permeability
and other flow-related properties that govern recovery
efficiency.
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Fig. 1. Incremental oil production vs average permeability
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Fig. 2. Incremental oil production vs average porosity

Reservoir temperature: Fig. 3, shows the relationship
between temperature and incremental oil production. The
results indicate that temperature does not directly
influence incremental oil production. Instead, temperature
exerts an indirect effect through its relationship with oil
viscosity and minimum miscibility pressure (MMP).
Higher temperatures typically reduce oil viscosity, which
can improve mobility, but they also increase MMP,
making miscibility more difficult to achieve. This
complex interaction explains the lack of a clear direct
correlation.

Oil API: Fig. 4, shows the relationship between API
gravity and incremental oil production. The positive trend
indicates that oil production increases as API gravity
increases. This is consistent with the physics of miscible
displacement: lighter oils (higher API) achieve miscibility
with CO: more readily and at lower pressures, leading to
more efficient oil recovery, as documented in the classic
work of Holm and Josendal [13] on the mechanisms of oil
displacement by carbon dioxide.
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Oil viscosity: Implementation of carbon dioxide would
be of significance in unconventional reservoirs, as it can
reduce the crude oil viscosity during the injection of CO;
(Carbon dioxide) and increase the sweep efficiency in
porous media [16]. As shown in Fig. 5, as viscosity
decreases, the incremental oil production increases. This
inverse relationship reflects the improved mobility ratio
achieved when a less viscous CO: bank displaces oil.

3.2. Most influential parameters on CO, storage volume

Average Porosity: Fig. 6, shows a clear positive
relationship between porosity and CO- storage volume.
This is expected because porosity directly determines the
pore volume available for fluid storage. As expressed in
the theoretical storage capacity equation (Eq. 4), porosity
is a primary control on the maximum potential CO- that
can be stored in a formation. The scatter in the data
reflects the additional influence of other factors such as
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reservoir thickness, areal extent, and CO: density, which
vary with depth and temperature.
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Fig. 6. CO; storage volume vs average porosity
3.3 Overall model performance

Table 1 summarizes the performance of the evaluated
algorithms for predicting oil recovery and CO: storage.
The comparative evaluation of the machine learning
models reveals that the Gradient Boosting algorithm
yields the most precise and resilient predictions for both
oil recovery and CO: sequestration. The Gradient
Boosting provides the highest weighted determination
coefficient (R?) of 0.722 (with an average of 0.685) rather
than other machine learning models.

The high R? value for incremental oil production (0.87)
indicates that reservoir and fluid properties captured in
our dataset strongly influence the EOR process. As shown
in Fig. 7, the predicted values closely align with actual
field measurements. Feature importance analysis revealed
that permeability, depth, miscibility ratio, and formation
type were the most influential parameters. The strong
performance demonstrates that machine learning can
effectively learn the physical relationships governing
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miscible and immiscible CO: displacement from field
data. Notably, the predictive power of our general model
(R?* = 0.87) is comparable to or exceeds that of many
single-reservoir neural network models reported in the
literature [3]. However, the key advantage of our
approach lies in its generalizability across diverse
geological settings, addressing a limitation of previous
empirically-derived relationships [11].

Table 1. Model performance comparison

. Oil CO: Oil CO:
Model Wellg‘ ted Al‘{zg Recovery  Storage  Recovery  Storage
R? R? RMSE RMSE
Random 5 600 0.553 0.799 0.306 0.038 1.523
Forest
Gradient 72, 0685 0870 0500 0028 1.206
Boosting
Random
Forest 0.558 0.500 0.793 0.206 0.039 1.694
Chain
Best Model: Gradient Boosting
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Fig. 7. incremental oil production, predicted vs actual

In contrast, all models exhibited significantly lower R?
values for carbon dioxide storage prediction (Table 1, Fig.
8). The Gradient Boosting model achieved an R? of 0.50
with an RMSE of 1.206, which, while the best among the
tested algorithms, indicates a high level of uncertainty.
This disparity in predictability between oil recovery and
CO: storage is a key finding of this study.

This reduced predictive ability was interpreted as a
direct result of data quality and reporting standards, rather
than a failure of the modeling approach. While oil
production is an economically vital metric that has been
measured and reported with relative consistency for
decades, CO: storage volume is a newer metric with no
standardized reporting protocols. As discussed in Section
3.4, the lack of consistent definitions, measurement
techniques, and reporting frameworks for "stored" CO:
introduces significant noise and uncertainty into the target
variable. This makes it fundamentally more difficult for
any model to learn the underlying patterns. This result
underscores the critical need for improved CO: storage
measurement and reporting standards, as noted by
previous researchers [12, 14]. Despite this limitation, our
achieved R? of 0.5 provides a valuable real-world
benchmark for future studies, as most prior machine
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learning work on CO: storage has relied on simulated
rather than field data [8].
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Fig. 8. CO, storage volume, actual vs predicted
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According to the results of this study, the significance
analysis indicates that formation permeability, depth, and
miscibility are the most important factors affecting oil
recovery. In contrast, carbon dioxide storage volume is
primarily affected by reservoir thickness, porosity, and
depth. For both objectives (oil recovery and carbon
dioxide storage volume), engineered features, such as
reservoir quality index (RQI) and storage efficiency,
proved more important than many of the raw input
variables.

3.4. Dataset limitations

Data completeness: one of the challenges was the
existence of missing data for key criteria in many of
the 173 cases. This missing data can introduce
uncertainty into statistical analysis and the
identification of trends.
Reporting bias: The dataset potentially suffers from a
positive reporting bias, as successful and ongoing
projects are more frequently documented and
published than failed or suspended projects. This may
lead to an overly optimistic representation of the
average performance and success rates of CO, EOR
projects.
Data variability: The data were collected from
multiple public sources, which may have used
different measurement criteria, reporting protocols,
and definitions (such as "successful"), which may
affect the consistency of the analysis.
Storage mechanisms: that will change the result of
the storage model.
4- Conclusion

This study presents a global, field-scale machine
learning framework for forecasting the incremental oil
recovery and CO; storage volume through the application
of multi-output regression using physics-informed
engineered features with a variety of real-world field data.
The findings of this study can be summarized in the
following key points:
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The results show that the influencing parameters on
the incremental oil production and CO, storage
volume are different. The incremental oil production
is influenced by average permeability, depth, and
miscibility ratio, while the CO, storage volume is
influenced by reservoir thickness, porosity, and
depth.

Considering the composite physical features can
support better capture of the complex interactions
between reservoir properties. For example, the
Reservoir Quality Index (RQI) and the miscibility
ratio support better results for both incremental oil
production and CO2 storage volume, rather than
several individual inputs.

Gradient Boosting successfully predicted both
incremental oil production and CO, storage volume
with a weighted R? of 0.722, demonstrating ML's
potential for coupled CCUS performance prediction.
incremental oil production (R? = 0.87) proved more
predictable than CO; storage volume (R? = 0.5),
Demonstrating the need for improved CO, storage
measurement and reporting standards.

Using a diverse, real-world field data of CO,-EOR
and storage projects improves the models' generality,
robustness, and applicability across different
geological environments.
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