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Abstract

The rising level of Carbon Dioxide (CO2) concentration and the growing energy demand of the world have given a desperate
necessity of carbon-neutral and sustainable energy sources. Carbon Capture, Utilization and Storage (CCUS), especially CO2-
Enhanced Gas Recovery (CO2-EGR) has become an attractive technology to maximize hydrocarbon recovery with a minimal
environmental impact. The paper introduces an Al-based system of recovering carbon-neutral gas by implementing CO:2 gas injection
and storage. A number of supervised learning models, including XGBoost, Random Forest (RF), and a hybrid RF-XGBoost, were
used in conjunction with data preprocessing and feature engineering to come up with the results from the NETL CCS dataset. They
also use Bayesian Optimization to adjust the parameters. The findings reveal that the hybrid model does better than the individual
models because it has the lowest MAE (0.080), MSE (0.011), and RMSE (0.105), as well as the highest value of R? (0.96). Further,
the recovery efficiency increases by 83 to 92 percent, the leakage risk is lowered by 0.14 to 0.06, and the cost of operation is lowered
by 1.00 to 0.72. The results indicate that Al-based strategies are effective to maximize the efficiency, safety, and sustainability with a
carbon-neutral gas recovery system.
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1- Introduction

. . . . process of CO: capture, transportation, injection,
The increasing effects of climate change, along with the  onpanced gas recovery, and geological storage is shown
ever-increasing energy demand, have increased the need g 1.

for a sustainable energy solution [1]. Natural gas and
other fossil fuels continue to play an important part in
satisfying energy demand because of their accessibility,
existing infrastructure, and reduced CO: emissions, even CO Pipeline

if the usage of renewable energy is on the rise.
Nevertheless, the use of natural gas generates a huge — r
amount of COa, which is responsible for increasing global
warming and damaging the environment [2]. Thus, there
is a need to develop effective strategies to balance energy
and environmental sustainability [3, 4].

In light of global net-zero ambitions and international
climate agreements like the Paris Agreement, CCUS has , m
become an important technical strategy for cutting GHG CO:
emissions [5]. Among CCUS approaches, CO2-EGR has : s
gained considerable attention. This process involves
injecting the captured CO: into depleted or partially
depleted gas reservoirs, thus enhancing hydrocarbon
recovery, as well as providing long-term geological

B CO: capture
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Fig. 1. Schematic representation of CO. capture,

storage of CO: [6]. Therefore, this technique provides a
double advantage in terms of efficiency and carbon
emission reduction. The integration of energy production
and carbon storage makes this technique a potential
candidate for carbon-neutral gas recovery. The entire

transportation, injection, enhanced gas recovery (EGR),
and geological storage in subsurface reservoirs [7]

The process of capturing and storing CO: underground
results in operational and technical difficulties despite its

*Corresponding Author: Email: mohamedgifon4@gmail.com
© 2026 The Author(s). Published by College of Engineering, University of Baghdad.
BY This is an Open Access article licensed under a Creative Commons Attribution 4.0 International License. This permits users to
copy, redistribute, remix, transmit and adapt the work provided the original work and source is appropriately cited.


http://ijcpe.uobaghdad.edu.iq/
mailto:mohamedgifon4@gmail.com
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.31699/IJCPE.2026.2.2

M. Eissa and M. P. Mudoi/ Iragi Journal of Chemical and Petroleum Engineering 27, 2 (2026) 19 - 32

potential advantages [8]. The complexity of reservoir
systems arises from their various rock characteristics and
the unpredictable behavior of fluids and the unknown
aspects of their geological structure. The traditional
approach to reservoir simulation achieves accurate results
but needs extensive computational resources and struggles
with handling big data and making instant choices [9, 10].
The dynamic behavior of subsurface processes creates
difficulties for precise forecasting of critical performance
metrics which include recovery efficiency and CO:
leakage probability [11].

Artificial Intelligence (Al) and Machine Learning (ML)
have become the effective tools of preventing the existing
issues of the field of energy systems. The Al-powered
models leverage their capabilities to handle large and
diverse datasets as they find complex patterns and
develop nonlinear relationships that current approaches
struggle to model [12]. The application of Al to CO,-EGR
involves making the future value of a reservoir workable
and perfecting the technique of injecting the oil and
assessing the safety of a storage facility. Deep learning
(DL) combined with the methods of ensemble learning
and reinforcement learning produce systems that learn by
analyzing the data to make decisions that increase the
performance of operating schedules and safer
environmental activities [13, 14]. The Al-based models
rely on various types of data including geological data,
well log data and pressure and temperature measurements
and production recordings to generate accurate and
reliable forecasts [15]. The real-time monitoring is
supported by the models as they are capable of detecting
anomalies in sensor data that assist in identifying the risk
of leakage and system failure. Al enables businesses to
reduce expenses by managing resources more effectively
and using energy more efficiently during injection
processes and reduced chances of operational issues [16].

However, the increasing use of Al in CCUS and
reservoir engineering research is characterized by
multiple research areas that need to be explored as
discussed in reference [17]. The research is characterized
by the failure to display transparent data representation
that leads to undefined input and output relationships. The
research is also characterized by the failure to make
comparisons between the new modeling approaches and
existing ML models such as RF and XGBoost. The
models become less reliable and unsuitable for practical
applications as researchers fail to focus on two important
issues that include uncertainty quantification and
validation of models using real data.

This paper provides an Al-based framework for carbon-
neutral gas recovery that integrates CO: injection and
storage to solve these concerns. In this framework, there
is a focus on the prediction and optimization of the
parameters associated with gas recovery efficiency.
Moreover, a comparison with existing ML benchmarks is
carried out to assess the efficiency of the introduced
framework. Improving decision-making and efficiency
and creating energy systems that do not produce any
carbon dioxide are the goals of the framework's

20

development. The following are the research objectives as
shown below:
To develop an Al-driven framework for carbon-
neutral gas recovery through the integration of CO-
injection and storage processes.
To analyze and preprocess CCS project data from the
NETL database for effective machine learning-based
modeling.
To implement and compare ML models, including
RF, XGBoost, and a hybrid RF—XGBoost model, for
predicting recovery efficiency and leakage risk.
To optimize operational parameters such as injection
rate, pressure, and cost using Bayesian Optimization
for improved system performance.
To evaluate the effectiveness of the proposed
framework using performance metrics (MAE, MSE,
RMSE, and R?) and validate its capability in enhancing
recovery efficiency while minimizing environmental risk
and operational cost.

2- Review of literature

In recent years, Al has introduced new technologies that
allow making predictions more accurately, as well as
more effective ways of storing CO, in underground
deposits that scientists believe are crucial to the
realization of the carbon-neutral natural gas production
system. There has been an increasing trend of using ML
techniques to develop models that mimic complex
geological structures and fluid interactions that are too
computationally intensive to be simulated using the
conventional simulation techniques. RF and XGBoost
tree-based models have demonstrated effective
performance since Wen et al. [18] utilized them to predict
CO: storage capacity based on reservoir characteristics
such as porosity and permeability and pressure and
temperature. Yan et al. [19] demonstrated that DL
systems using neural networks have the ability to simulate
the flow of CO, through porous materials effectively due
to the ability of the system to accurately predict the
saturation patterns in different injection conditions. Yang
et al. [20] established the fact that physics-informed
neural networks have enhanced prediction accuracy since
the physical laws that govern the flow of fluids are
incorporated into the process of learning. Abdellatif et al.
[21] used the high-resolution pore-scale datasets to come
up with Al models that forecast CO, water interactions in
different geological formations. The Convolutional
Neural Networks (CNNs) developed by Zhu et al. [22] are
used to analyze the CO; plume movement patterns on a
spatial scale that offer superior visualization and
forecasting of their subsurface behaviour. Iddrisu et al.
[23] applied gradient boosting models to develop
forecasts regarding the operation of long-term CO;
trapping mechanisms that encompasses residual and
solubility trapping strategies that safeguard carbon storage
sites. The research indicates that Al has the capability to
handle various tasks since it demonstrates the possibility
of addressing complex problems that demand
sophisticated thought processes.
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Researchers have applied Al-based techniques to
enhance gas extraction results through CO: injection into
unconventional rock formations which include shales and
coal seams. The researchers Amirkhani et al. [24] applied
supervised learning models which include artificial neural
networks and regression-based methods to predict
methane recovery from shale gas reservoirs that use CO:
injection. The researchers Gu et al. [25] combined
Support Vector Machines (SVM) and Multi-Layer
Perceptron (MLP) models with reservoir simulation data
to predict coal seam gas production, achieving accurate
results while identifying key factors which included
permeability, pressure, and injection rate. The researchers
Zentou et al. [26] used ensemble learning methods to
improve CO: injection methods which achieve maximum
gas recovery while reducing operational expenses. The
researchers Davila et al. [27] utilized machine learning
models to forecast oil production and CO: storage
efficiency in Water-Alternating-Gas (WAG) injection
systems which operate with better speed and similar
precision to existing numerical simulation methods. The
researchers used data-driven methods to study how
heterogeneous reservoirs affect gas displacement
efficiency, proving that Al models can represent
complicated nonlinear patterns present in underground
systems which demonstrates that Al technologies help
improve the operational performance and financial
sustainability of CO.-based gas extraction systems.

More recent research has focused on the use of Al in
real time optimization, monitoring, and assurance of
safety in CO; injection and storage systems in addition to
prediction and recovery. Zhou et al. [28] designed the
reinforcement learning techniques to dynamically
optimize the injection strategies by relaxation of the
operation parameters of pressure and flow rates based on
the dynamics of the reservoir condition. Time-series
models have been used to forecast reservoir pressure and
CO; plume formation and act proactively and mitigate
risks, including the Long Short-Term Memory (LSTM)
networks. Mashhadimoslem et al. [29] have also been
applied to detect channels of CO, leaking in seismic data
using DL techniques such as CNNs, which is more
precise, and can, therefore, enhance the safety and
integrity of the storage systems. Hybrid Al systems
integrating ML and conventional simulation models have
also been suggested in order to optimize simultaneously
the gas recovery and the carbon storage, to reach the
balance between both economic performance and
environmental sustainability. In general, the combination
of Al with the CO, injection and storage technologies
offers a strong and prospective solution to facilitate the
carbon-neutral gas recovery that can overcome the issues
associated with the efficiency, safety, and the reliability of
the long-term storage.

3- Research methodology

The overall research methodology for Al-based carbon-
neutral gas recovery using injected CO; in the gas
reservoir is shown in Fig. 2. It starts with the dataset
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provided by NETL CCS, followed by data preprocessing,
feature engineering, ML modeling involving RF,
XGBoost, and a hybrid approach. The model's parameters
are fine-tuned using Bayesian Optimization, and its
performance is evaluated using an array of measures.

b NETL CCS Dataset

Carbon Capture & Storage Data
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« Handling Missing Data

« Categorical Encoding
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Fig. 2. Proposed methodology
3.1. Dataset used

An extensive and well-organized database on CCS
projects worldwide, the National Energy Technology
Laboratory (NETL) CCS Database is the source of the
data included in this research. This publicly available
database is a compilation of data on industrial,
governmental, and research-based sources providing
information on all ongoing, planned, and completed CCS
projects around the globe. It contains such important
characteristics as project description, country, type of a
facility, capture technology, its operational status,
estimated project cost, and the volume of CO; captured
and stored. Moreover, the database includes data on the
evaluation of storage sites and the strategies of their
deployment in the context of CO, sequestration. The
latest records show that it has more than 300 CCS projects
spread across over 30 countries and six continents,
including capture, storage and integrated operations. This
heterogenous and structurally arranged data is an effective
source of analyzing the trends in CCS deployment and
Al-based modeling of carbon-neutral power systems. The
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final dataset used to train and assess the model has 305
samples and 6 input characteristics. The dataset includes

various CCS projects worldwide, and a sample of
representative entries is shown in Table 1.

Table 1. Sample entries from the NETL CCS dataset

Project Name Country Facility Type Capture Technology Capacity (MtCO:/yr) Project Status
Boundary Dam CCS Canada Power Plant Post-combustion 1.0 Operational
Petra Nova USA Power Plant Post-combustion 14 Operational
Sleipner CO: Storage Norway Gas Processing Pre-combustion 0.9 Operational
Gorgon CO: Project Australia LNG Processing Pre-combustion 3.4 Operational
Ilinois Industrial CCS USA Ethanol Plant Pre-combustion 1.0 Active

3.2. Data pre-processing

Preprocessing the data is an important step to ensure its
quality, consistency, and reliability before applying ML
models. The NETL CCS dataset consists of project-level
metadata collected from different sources, and it may
contain missing values as well as variations in scale.

* Handling missing data

There are also missing values in the dataset which are
managed with proper imputation methods to create
complete and consistent data. Numerical features are
mean imputed whereas mode imputed in categorical
variables. The strategy could be used to preserve the
data's wide distribution preserved and to avoid losing vital
information.

Mean imputation for numerical features is defined as:

X = %22:1)@ (1)
where n is the count of accessible observations and X; is
the value that is imputed.
For categorical variables, mode imputation is applied
as:

@)

where f(X) denotes the frequency of occurrence of
each category.

Additionally, nominal variables such as facility type and
technology for capture are converted into numerical form
using one-hot encoding to be able to use them in ML
models.

Xmode = arg max(f(X))

* Categorical encoding

The ML model requires numerical data as input. Thus,
the categorical variables, facility types, and capture
technology are subjected to one-hot encoding. A
categorical variable with m categories can be represented
as:
®)

X =[xp,%x..., Xm], x; € {0,1}

where only one element is 1 and the rest are 0.
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* Feature scaling and normalization

Since the dataset contains features with varying
magnitudes (e.g., capacity, cost, pressure), normalization
is applied to ensure uniform scaling. The Min-Max
normalization technique is used:

o X—Xmin
X'= Xmax—Xmin (4)

The numerical stability and convergence speed of the
trained model are both enhanced by this transformation,
which scales all characteristics to the interval [0,1].

* Qutlier treatment and distribution adjustment

Outliers can distort model predictions and reduce
generalization performance. To address this, statistical
normalization is applied using standardization:

Y
7=
g

©)

Here is where the feature's standard deviation (o) and
mean () are defined. The data could be transformed to
ensure a normal distribution with a mean of 0 and a
variance of 1.

* Data consistency and feature alignment

All features are aligned and validated to ensure they
have the same units and formats. This step holds vital
importance for CCS datasets because their attributes
originate from multiple industrial sectors and different
geographical locations.

3.3. Data splitting

To determine the level of performance of their model,
the researchers designed two different sets of data to be
used in training and testing. Typically, training uses
around 70% of the whole data, while testing makes use of
the remaining 30%. The training data also has a section
that serves as validation set that is used to optimize model
parameters without overfitting. The data division is
structured in such a way that it facilitates the process of
effective model training that leads to superior
performance on unheard data.
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3.4. Feature engineering and input—output mapping

The concept of feature engineering is a significant
process in ML since it transforms raw data into useful and
informative forms thereby improving prediction and
generalization of ML models. In the context of the CCS
systems, feature engineering can be used to find the
patterns of interest in the project-level data and to model
the intricate relationships between the operation
parameters and the indicators of performance, such as the
efficiency of the recovery and the leakage risk.

The input variables are constructed, basing on the
critical characteristics acquired in the NETL CCS
database, including the CO, capture capacity, the kind of
the facility, the technology deployed to extract the
capture, the project status, and the geographical location.
These characteristics  represent quantitative and
qualitative characteristics of CCS projects. Categorical
variables are converted into numbers in such a way that
they can be fit in machine learning models, and the
numerical attribute is normalized during the preprocessing
stage. The resulting data set has a systematic description
of CCS systems in different circumstances of functioning.
Mathematically, the dataset is represented as a feature
matrix:

X =[x;] € R™/ (6)

where n denotes the number of CCS projects and f
represents the number of features. Each row vector x; €
R/ corresponds to an individual project, capturing its
operational and technological attributes.

The NETL dataset does not provide direct reservoir-
level performance metrics; therefore, target variables
were constructed for predictive modeling. Since the
NETL CCS dataset primarily contains project-level
metadata and lacks dynamic reservoir measurements, the
target variables, namely recovery efficiency and leakage
risk, are derived using data-driven estimation techniques.
These outputs are generated based on normalized
relationships between key attributes such as capture
capacity, facility type, operational status, and capture
technology, following methodologies reported in recent
CCS and machine learning studies. The study focuses on
two primary continuous outputs: recovery efficiency and
leakage risk. It is important to note that these target
variables are not directly measured from field data but are
approximated using data-driven modeling and domain-
informed assumptions to enable supervised learning. The
output vector is defined as:

U]

where y; represents recovery efficiency and y,
represents leakage risk.

The relationship between the input variables and the
output variables is depicted by the nonlinear mapping:

Y = [y1,¥.]

Y =f(X;6)

®)
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Where f(-) is the predictive model and where is the
model parameters that have been trained. This
formulation allows the model to embody complex
interrelations in the presence of attributes of CCS project
and their influence on the performance of the system. The
derived features are built to improve the models'
performance by combining and transforming existing
variables. They are normalized capacity indices and
technology-based measures that help in projecting the
fluctuations in the operational efficiency. The change of
features can be formulated as:

X = ¢X) 9)
where ¢(-) represents the feature transformation
function.

Overall, feature engineering is an essential procedure
that contributes to making a model more robust,
eliminating redundancy, and enables learning nonlinear
association, which is essential to the adequate prediction
of carbon-neutral gas recovery performance and CO;
storage properties.

3.5. Machine learning models and prediction framework

A tree-based model's capacity to capture non-linear
patterns and its proven effectiveness on structured tabular
data are the deciding factors in terms of model selection.
The problem of predicting recovery efficiency and
leakage risk is formulated as a supervised learning
problem using structured CCS data. There are nonlinear
correlations between input characteristics and goal
variables, and the system is able to capture them due to
the multi-model architecture. Machine learning models
that work best with tabular data are used to ensure robust,
accurate, and generalizable predictions for carbon-neutral
gas recovery systems.

* Random Forest (RF)

A powerful and accurate ensemble learning technique,
RF is able to handle complex nonlinear connections and
finds widespread usage in regression and classification
issues [30]. In order to make a final forecast, it builds
several decision trees during training and then averages
their outputs [31]. This ensemble methodology lowers
overfitting and enhances the performance of
generalization, which is why this ensemble approach is
most appropriate to tabular data (e.g., CCS project data).

The basic concept of the RF is anchored on bootstrap
aggregation (bagging), in which many subsets of data are
created by selecting data samples randomly and with
replacement [32]. Training is performed on each subset to
obtain a separate decision tree, and randomness in feature
usage is employed when constructing the trees so that
each tree is different [33]. Such randomness assists in the
advantage that it lowers the correlation between trees as
well as improves stability of the model.

Mathematically, the prediction of the RF model is given

by:
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9 =231k () (10)

where h;(x) stands for the t-th tree's forecast and T is
the total number of decision trees. While regression issues
are solved by averaging the predictions of all trees,
classification problems use majority voting.

There is a recursive process that separates the input by
feature values before the decision trees in the forest are
constructed. The Mean Squared Error (MSE) is one
statistic that could be used to evaluate the quality of a
split. A definition of it would be:
MSE =~ %7 (v = 9)* (11)

where y; is the actual value and ¥; is the predicted
value. The objective is to minimize this error at each split
to improve prediction accuracy.

Random Forest is selected due to its robustness as its
main analytical tool because it processes numerical and
categorical information without requiring users to
establish particular data distribution models [34]. The
system produces automated feature importance metrics
which reveal the most critical parameters that affect both
recovery efficiency and leakage risk. The system operates
correctly because its design allows it to handle noisy
information together with outlier data which appears in
real CCS data collections. The system establishes
operational parameter links to performance indicators by
using nonlinear feature interaction models which identify
complicated relationships between these elements. The
RF model creates decision trees from dataset information
to produce final predictions through their combined
outcomes. Fig. 3 presents the architecture of RF.
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|

Fig. 3. RF ensemble learning process [35]
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* Extreme gradient boosting (xgboost)

XGBoost is another an efficient ensemble learning
technique that uses the gradient boosting approach, which
has been shown to be extremely accurate in both
prediction and computation [36]. XGBoost differs from
other bagging-based ensemble approaches such as RF in
that it employs decision trees consecutively, with each

24

decision tree trained to rectify the errors generated by the
preceding decision trees [37]. XGBoost achieves high
accuracy in prediction by learning complex nonlinear
relationships from the data.

The XGBoost model represents the prediction as an
additive combination of multiple decision trees:
91 =Yk fu @) fi €F (12)

where y; is the predicted output for the i-th sample, K is
the number of trees, and f; represents an individual
regression tree belonging to the functional space F.

To train the model, they minimize a regularized
objective function that includes a complexity penalty and
a loss function:
L= I+ X, 000 (13)

where Q(f;) regulates the complexity of the model and
avoids overfitting, and I(y;, ¥;) is the loss function, such
as the mean squared error. Penalties on the quantity of
leaves and the size of leaf weights are common in
regularization.

The use of gradient descent optimization is among the
best strengths of XGBoost. The model computes in each
iteration the loss function derivatives of the loss values
and regress a new tree to the new residuals. It is the
process that enables to reduce the errors successfully,
along with enhancing the rate of convergence [38]. The
XGBoost is particularly suitable when operating with
CCS data since it is capable of assuming the
heterogeneous and structured type. It is able to effectively
model the correlation between the characteristics such as
ability to capture, type of facility and operational
parameters therefore improve the prediction on recovery
efficiency and leakage risk. In addition, XGBoost has
certain improved properties such as tree pruning, parallel
processing and the capability to handle missing values
that contribute to its performance as well. Fig. 4 shows
that XGBoost model sequentially fits numerous decision
trees and each decision tree offers its final prediction
through correcting the previous trees.

x,y
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Tree | /ﬂ Tree i/ N Tree n /
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G/O\f‘ é d o’ o fz.> - by (:\ N
/\ /C ANTAN
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!

Result
Fig. 4. XGBoost sequential tree boosting framework [39]

Another advantage of XGBoost is its capability to
provide feature importance scores which permit users to
determine the essential elements that affect system
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performance [40]. The method demonstrates its
effectiveness by helping researchers assess which CCS
parameters most affect carbon-neutral gas recovery.

* Hybrid Model (RF + XGBoost)

The hybrid learning is a combination of RF and
XGBoost and is applied in the study to enhance accuracy
in prediction and generate more powerful machine
learning models. The hybridization has been applied to
merge the two model systems since RF applies bagging in
order to reduce variance and XGBoost applies sequential
boosting in order to reduce bias. The combination of these
approaches in the hybrid model enables it to have superior
generalization abilities along with more reliable
prediction outcomes. The framework implies the training
of RF and XGBoost models individually on the same
input data. The ensemble aggregation approach is used to
combine the results of their predictions to produce the
final output. The combination of features enables multiple
feature interactions to be captured while decreasing the
chances of individual model systems experiencing
overfitting or underfitting.

The mathematical expression for the forecast made by
the hybrid model is:
J=a Jrr+ (1 —a) Ixcr (14)

where yxr and Pxp represent the predictions from RF
and XGBoost models, respectively, and « € [0,1] is a
weighting parameter that controls the contribution of each
model.

The value of o is empirically set based on the
performance of the validation to achieve the best
prediction accuracy. This weighted ensemble method
enables the model to manage bias and variance
effectively. For the CCS systems, the proposed hybrid
model can improve the prediction of recovery efficiency
and risk of leakage by considering various learning
aspects. This can improve the stability of the model, avoid
prediction errors, and provide a robust framework for the
analysis of Al-based carbon-neutral gas recovery.

3.6.

Al-driven framework

optimization)

optimization (bayesian

An Al-based optimization framework with the Bayesian
Optimization (BO) is used to make carbon-neutral gas
recovery systems more efficient and reliable. The aim of
this framework is to determine the best operational
parameters that maximize the recovery efficiency with the
least probability of leakage and minimum cost of
operation. CCS systems are complex, nonlinear and
computationally expensive processes, S0 Bayesian
Optimization can offer an effective method of global
optimization under a restricted number of evaluations.

The optimization problem is modeled as a multi
objective operation and the objective is to optimally
optimize several performance indicators. Where x
represents the decision variables (or parameters) (e.g.
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injection rate, pressure and operational conditions). The
objective function may be formulated as:
max f (x) = [f;(x), (%), = f2(x), ~fo(*)] (15)

where f;(x) represents recovery efficiency, f,(x)
denotes CO: storage efficiency, f;(x) corresponds to
operational cost, and f,(x) represents leakage risk. The
negative signs indicate minimization objectives. For the
purpose of Bayesian optimization, the objective function
is approximated using a surrogate model, most often
Gaussian Process Regression (GPR). The predictive mean
and variance of the Gaussian Process are given by:

u(x) = k@, X)T[K + 021171y (16)

a?(x) = k(x,x) — kO, X)T[K + 0211 *k(x, X) an
where k(-,-) is the kernel function, K is the covariance
matrix, and o;2 represents noise variance.
An acquisition function is used to direct the search for
best solutions. Expected Improvement (EI) is a commonly
used acquisition function that is defined as:

EI(x) = (u(x) = f(")P(2) + 0 (x)(2) (18)
where z=%, ®(z) is the cumulative

distribution function, and ¢ (z) is the probability density
function of the standard normal distribution. Here, f(x*)
represents the best observed value.

Optimization is done through the iterative process of
updating the surrogate model and choosing new sampling
points according to the acquisition function. The method
is effective in covering the search space as well as taking
advantage of promising spaces. In general, the Bayesian
Optimization framework facilitates effective and smart
optimization of the CCS operational parameters to
enhance performance of recovery, reduce risks and enable
sustainable Carbon-neutral gas recovery.

3.7. Evaluation metrics

Standard regression metrics are used to evaluate the
accuracy and reliability of the predictions made by the
suggested ML models. Since recovery efficiency and
leakage risk are continuous target variables, both error-
based and statistical evaluation measures are applied.
Metrics measure the model's generalizability to new data
by quantifying the discrepancy between anticipated and
actual values. Coefficient of Determination (R?) assesses
the quality of fit, whereas Mean Absolute Error (MAE),
MSE, and Root Mean Squared Error (RMSE) quantify
prediction mistakes. These variables, when combined,
create a thorough framework for evaluating the
performance of the model. The model's robustness is
further ensured by using cross-validation procedures, and
the uncertainty in the model's outputs is assessed by
analyzing prediction variance. To further quantify
uncertainty, the variability in model predictions is
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evaluated using k-fold cross-validation and standard
deviation analysis across different folds. This approach
ensures that the model performance is consistent and
reliable under varying data conditions, thereby improving
confidence in the predictive capability of the proposed Al
framework.

MAE =31, 1 ;= 9; (19)

MSE = ,‘11 Z:;l(yi - 371')2 (20)

RMSE = |& 3, (7= 907 (21)
4 Y =97

RE=1 T i9)? (22)

4- Results and discussion

This section assesses the suggested Al-based system's
performance in recovering carbon-neutral gas through
extensive experimental study. The performance results
obtained in this section include training model behavior,
optimization results, and validation of the model through
actual and predicted analysis. Various performance
metrics are also utilized to compare the model's
performance. According to the results, ensemble learning
approaches outperform other strategies for intricate CCS
data sets in terms of efficiency.

4.1. Model Training and Convergence Analysis

Fig. 5 displays the training and testing errors for the RF
model. It demonstrates the progressive reduction in error
as the number of iterations grows. The training error starts
at approximately 0.25, reducing as the iterations increase,
eventually settling at around 0.10. The testing error begins
at around 0.28 but it decreases during each iteration until
it reaches a final value of 0.13. The training error shows a
difference of 0.03 from the testing error which proves
there is enough variation between these two errors.
Although the model shows stable learning, the higher
testing error compared to the training error implies a lack
of generalization ability, especially when compared to
more sophisticated models.

The XGBoost model exhibits improved convergence
behavior by the XGBoost model when the values of the
errors are lower than the values of the RF as shown in
Fig. 6 The training error is reduced to 0.09 against 0.23
and the test error is also minimized to 0.11 against 0.25
with each iteration. The training-testing error difference is
additionally minimal, 0.02, and signifies higher
performance in generalization. The smoother decrease in
the two curves indicates the success of the boosting
mechanism in reducing errors left. On the whole,
XGBoost is more accurate and more stable, which proves
that it has the ability to model complex nonlinear
connections among the variables in the CCS dataset.

Fig. 7 shows the hybrid RFXGBoost model is the most
performing one of all models and the gap between
training and testing errors is minimal. The training error is
lowered to 0.08 compared to 0.22, and testing error is
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lowered to 0.09 compared to 0.23. The distance between
the two curves is very minimal and equal to about 0.01,
which indicates high generalization and insignificant
overfitting. The convergence of both curves is smooth
pointing to the efficiency of using the bagging and
boosting  strategies. This enhanced convergence
performance proves that the hybrid model has better
predictive performance and strength in carbon-neutral gas
recovery modeling.

Random Forest: Training vs Testing Error

—— Training Error
Testing Error

0.2751

0.250 1

0.2254

0.200

Error

0.175 4

0.150 1

0.1259

0.100

T T T T T
10.0 125 15.0 17.5 200

terations

T T T
25 5.0 75

Fig. 5. Training and testing error comparison for RF
model

XGBoost: Training vs Testing Error

0.24 4 .
—— Training Error

Testing Error
0.22

0.10

0.08 T T T T T
10.0 125 15.0 17.5 20.0
Iterations

Fig. 6. Training and testing error comparison for
XGBoost model

25 5.0 75

Hybrid Model: Training vs Testing Error

—— Training Error

0.20 1 Testing Error

0.18 4

0.16

Error

0.12 4

0.10

0.08

10.0 125 15.0 175 20.0

fterations

Fig. 7. Training and testing error comparison for Hybrid
RF-XGBoost model
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4.2. Optimization results and performance improvement

The effect of Bayesian Optimization on critical
performance parameters is shown in Table 2. The
efficiency of recovery is also increased to 92% as
opposed to 83% showing an increase in the efficiency of
gas recovery. Meanwhile, the leakage risk is minimized to
0.06, and it evidences an enhanced safety and integrity of
the system and storage. Moreover, the cost of operations
is reduced, i.e. 1.00 becomes 0.72 (normalized unit),
which is an expression of better economic efficiency.
Fig. 8 (A) shows how the recovery efficiency is improved
following the application of Bayesian Optimization.

Table 2. Impact of Bayesian optimization on recovery
efficiency, leakage risk, and operational cost

Parameter I_3ef_o re Aﬁer .
Optimization Optimization
Recovery Efficiency (%) 83 92
Leakage Risk 0.14 0.06
Operational Cost (normalized) 1.00 0.72

94

u Before Optimization
92
90
88
86

84

78

Recovery Efficiency (%)

The recovery efficiency is optimized at 83 percent
before and 92 percent after optimization, which is a
significant increase of 9 percent. This improvement
implies that the optimized model is effective in improving
the extraction of hydrocarbons whereby carbon storage
goals are retained, and therefore, system productivity is
increased. The result of optimization in terms of
decreasing leakage risk and operational cost is shown in
Fig. 8 (B). Leakage risk reduces much to 0.06, and the
safety of storage is increased, the environmental risk is
minimized. In the same way, the operational cost
decreases to 0.72 (normalized units) which indicates an
increase in economic efficiency. Simultaneously reducing
both of these parameters proves the optimization
framework to be efficient in balancing safety and cost
goals, resulting in a more sustainable and efficient CCS
system.

1.2
u Before Optimization
0.8
0.6
0.4

0.2

Leakage Risk

0
Operational Cost
(normalized)

Fig. 8. (A), Improvement in recovery efficiency after Bayesian optimization, (B), Reduction in leakage risk and
operational cost after Bayesian optimization

4.3. Model validation using actual vs predicted analysis

The plot of actual vs. predicted indicates the comparison
of the actual results for the recovery efficiency and the
results that are predicted by the model as shown in Fig. 9.
In the actual results, the values vary from 75% to 95%,
whereas in the predicted results, there is a very small
deviation of +2%. It can be observed that the actual and
predicted results are very close to the reference line,
indicating a high correlation between the actual and
predicted results. There is low prediction error because
the model indicates high accuracy, causing low dispersion
from the line. The proposed model indicates effective
pattern recognition capabilities because the model can
recognize the patterns of the dataset. The graph indicates
reliable prediction capabilities of the model because of its
high consistency and strength in different conditions.
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Actual vs Predicted (Recovery Efficiency)

95 A

85 A

Predicted Values

80 A

75 A
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Fig. 9. Actual vs predicted values for recovery efficiency
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4.4. Comparative performance evaluation of models

The performance of the ML models is compared and
evaluated on the basis of MAE, MSE, RMSE, and R?, as
depicted in Fig. 10 (A), Fig. 10 (B) and the Table 3. The
RF model indicates moderate performance with an MAE
of 0.110, MSE of 0.021, RMSE of 0.145, and R2 of 0.90.
XGBoost improves the accuracy of the model with a
reduction in errors to 0.095 for MAE, 0.016 for MSE, and
0.126 for RMSE, while the R2 value is 0.93. The hybrid
model of RF and XGBoost indicates the best
performance, as the errors are the least with 0.080 for
MAE, 0.011 for MSE, and 0.105 for RMSE, while the R?
value is the highest, i.e., 0.96. The error comparison graph
clearly indicates the reduction in errors for the XGBoost
and hybrid models. The R2 graph clearly indicates the
increase in the R2 value for the XGBoost and hybrid
models.

Table 3. Performance comparison of ML models using
MAE, MSE, RMSE, and R? metrics
Model MAE MSE
Random Forest 0.110 0.021
XGBoost 0.095 0.016
Hybrid (RF+XGB) 0.080 0.011

RMSE
0.145
0.126
0.105

R2
0.90
0.93
0.96

0.16
EMAE ®MSE ®RMSE A

Random Forest XGBoost Hybrid (RF+XGB)

R2 B
Random Forest XGBoost Hybrid (RF+XGB)
Fig. 10. (A), Comparison of MAE, MSE and RMSE

across RF, XGBoost, and hybrid models, (B),
Comparison of R2 values across machine learning models

0.14

0.12

01

0

0.97
0.96
0.95
0.94
0.93
0.92
0.91

0.9
0.89
0.88
0.87

This clearly indicates that the hybrid model provides the
best accuracy and the highest reliability for the modeling
of the carbon-neutral gas recovery process. In comparison
to conventional reservoir simulation techniques, which
are computationally intensive and time-consuming, the
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proposed machine learning-based approach provides
faster predictions with comparable accuracy. This
demonstrates the effectiveness of Al-driven models as
efficient alternatives for real-time decision-making in
carbon capture and storage systems.

The proposed Al-based system provides better carbon-
neutral gas recovery results because it improves recovery
efficiency and decreases leakage danger and operational
expenses. The hybrid RF-XGBoost model with Bayesian
Optimization outperforms all separate models because it
delivers better accuracy and robustness and generalization
abilities. The study results show the proposed method
works for practical CCS applications while demonstrating
its capacity to optimize energy systems at scale.

5- Conclusion and Future Scope

The paper introduces a carbon-neutral gas recovery
framework, which relies on Al and involved CO;
injection and storage, to discuss the challenges associated
with the efficiency, safety, and sustainability in CCUS
systems. The suggested solution integrates the state-of-
the-art machine learning models, such as RF, XGBoost,
and a hybrid RF-XGBoost model, and Bayesian
Optimization to tune the parameters. The findings indicate
that the hybrid model is much better than individual
models as it has been shown to have a higher prediction
power with an R? value of 0.96 and lower error values. In
addition, the optimization framework not only improves
the system performance in terms of recovery efficiency,
which is 83 percent, and manages to minimize the leakage
risk of 0.14 percent to 0.06 percent and operational cost of
1.00 percent to 0.72. These results prove that the

combination of Al methods with the CO, EGR
technology can successfully balance the energy
generation and environmental sustainability. The

suggested structure enhances predictive capacity and
operational efficiency in addition to providing safer and
more reliable carbon storage. In general, this study
demonstrates the opportunities of Al-based approaches in
changing conventional gas recovery systems into smart,
data-oriented, and sustainable energy services. The further
development of the work can be aimed at integrating real-
time field data and advanced DL models, to make the
system even more adaptable and scalable.

Nomenclature

Symbol /

Description

Term

CCs Carbon Capture and Storage
CCus Carbon Capture, Utilization, and Storage
CO: Carbon Dioxide

CO»-EGR  CO:-Enhanced Gas Recovery
RF Random Forest

XGBoost Extreme Gradient Boosting
MAE Mean Absolute Error

MSE Mean Squared Error

RMSE Root Mean Squared Error

R? Coefficient of Determination
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BO Bayesian Optimization

GPR Gaussian Process Regression

El Expected Improvement

X Input feature matrix

Y Output vector (target variables)

Vi Actual value

Vi Predicted value

y Mean of actual values

n Number of samples

f Number of features

T Number of trees (Random Forest)

K Number of boosting iterations (XGBoost)

a Weighting factor in hybrid model

u(x) Predictive mean (Gaussian Process)

o(x) Predictive variance

() Feature transformation function
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