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ABSTRACT

This study introduces a machine-learning-driven workflow to optimize CO,-WAG by considering both
oil production and CO; sequestration as the output parameters. A compositional simulator is employed
to create a baseline model by using data from the Bell Creek Oilfield. Computational models, specifically
multi-layer perceptron (MLP) combined with evolutionary and metaheuristic algorithms, such as the
genetic algorithm (GA), particle swarm optimization (PSO), and reptile search algorithm (RSA), are
utilized to develop proxy models for predicting cumulative oil production and CO, storage. The sug-
gested workflow integrates the optimization algorithms GA, PSO, and RSA with MLP-based proxy
models (MLP-GA, MLP-PSO, and MLP-RSA) to enhance cumulative oil production and CO, storage. The
findings demonstrated the reliability and efficient utilization of the proposed workflow for CO,-WAG
coupled optimization. All proposed models surpassed the base model; among them, MLP-RSA out-
performed MLP-PSO and MLP-GA in terms of prediction accuracy and optimization performance. In
comparison to the base case, the optimal scenarios increased the cumulative oil production by 10.65%
and CO; storage by 24.72%. Among the optimization algorithms, RSA outperformed the others in terms
of speed, processing, and yielded an incremental oil revenue of 15.31 million USD. The results of this
study offered new insights into optimization techniques and decision-making processes for CO,-WAG
projects. Moreover, it provides engineers with a tool to conduct robust and effective optimization
studies, avoiding tedious conventional optimization techniques.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).

1. Introduction

emissions, an immense challenge facing by the world. Carbon
capture, utilization, and storage (CCUS) is a vital technology for

Fossil fuels, particularly oil, are still the primary energy source
to meet growing demand. A large amount of oil is left behind
during the production phase; specialized techniques are needed to
increase recovery efficiency. However, fossil fuels also lead to CO;
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coping with increasing CO, emissions (Bachu, 2001; Mac Dowell
et al., 2017). CO,-EOR is a CCUS method that can be used to
address these challenges (Czernichowski et al., 2018; Dziejarski
et al., 2023; Iskandar and Kurihara, 2022; Kolawole et al., 2021),
not only to enhance oil recovery but also to sequester CO; in the
subsurface (Dai et al., 2016, 2018).

The utilization of CO, injection to enhance oil recovery is
because of its important and unique characteristics to improve
fluid properties in subsurface conditions, such as the reduction of
oil viscosity, oil swelling, hydrocarbon extraction, and the
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reduction of interfacial tension (Lake et al., 2014; Huang et al.,
2022; Jiang et al., 2019; Kong et al., 2019), that leads to enhance
oil production. CO typically exhibits a lower minimum miscibility
pressure (MMP) with crude oil compared to other gases like ni-
trogen or methane. Thus, utilizing the injection of CO, to improve
oil recovery can result in improved miscibility and effective oil
recovery (Tang et al., 2021). However, continuous CO; injection has
some challenges, such as gas overriding or fingering, which lead to
early gas breakthrough. To address these challenges, another
technique proposed as the CO,-WAG method. This approach
merges the attributes of gas flooding and water flooding and en-
tails the injection of gas slug into the reservoir in conjunction with
the alternating water injection. The macroscopic sweep efficiency
is increased by water injection, and the microscopic displacement
efficiency is improved by gas injection (Al-Bayati et al., 2018;
Christensen et al.,, 2001; Karimaie et al.,, 2017; Khather et al.,
2022; Kulkarni and Rao, 2005; Ren et al., 2023; Sun et al., 2021).
Additionally, CO,-WAG can address the issue of accelerated CO,
flow and enhance gas-phase flow resistance (Pancholi et al., 2020;
Ren and Duncan, 2021). It also enhanced the mobility ratio and
decreased the resistance to water flow, which led to a significant
improvement in recovery. According to previous reports, the WAG
technique has been successfully employed in 80% of US fields and
has immensely enhanced oil recovery (Sanchez, 1999).

Recently, the optimization of CO,-WAG EOR technology has
become a hot topic among academia and research organizations
because of its potential to enhance oil recovery and sequester CO;
(Rodrigues et al.,, 2019; Sanchez, 1999). Mostly, conventional
optimization techniques have been used to optimize the CO,-WAG
project performance. Typically, compositional or numerical sim-
ulations are used to adjust parameters such as injection rates,
WAG ratios, cycle lengths and bottom hole pressures, aiming to
maximize oil recovery and CO, storage (Rodrigues et al., 2019;
Kashkooli et al., 2022; Vo Thanh et al., 2020). For instance, nu-
merical simulations were used for coupled optimization by
dynamically adjusting well setting for both oil production and CO,
storage (Kashkooli et al., 2022). A study conducted on the
Jacksongburg-Stringtown Oilfield by employing compositional
simulation deduces the importance of CO,-WAG rates on oil re-
covery and CO, sequestration (Zhong et al., 2019). Another study
investigated CO,-WAG performance in tight reservoirs by
employing numerical simulation to optimize operational param-
eters (Ghaderi et al., 2012). Similarly, a commercial numerical
simulation module, such as CMG-CMOST was adopted to optimize
CO; storage in heterogenous reservoirs (Vo Thanh et al., 2020).
However, these conventional optimization techniques are labo-
rious, time-consuming, and require high computational power.
Fortunately, with the advent of advanced machine learning tech-
niques and metaheuristic algorithms, oilfield complexities and
uncertainties can be tackled, enhancing optimization efficiency
and accuracy (He et al., 2021; Li et al., 2022; Sen et al., 2022; Wang
et al.,, 2023; Xue et al., 2023a, 2023b, 2024). Machine learning
techniques have penetrated every field and have various applica-
tions in the oil and gas industry.

To rapidly navigate the solution space to identify the global
optimum solution, several researchers have developed machine-
learning techniques with metaheuristic algorithms. Capitalizing
on the predictive capabilities of machine learning to direct the
search trajectory of metaheuristic algorithms enables rapid iden-
tification of optimal solutions, thereby yielding superior outcomes
in the realm of parameter optimization. Mohagheghian et al.
(2018) used an evolutionary algorithm to enhance the perfor-
mance of the WAG technique in the Norne oilfield E segment. The
objective function employed was NPV, with GA and PSO utilized as
search strategies. The optimization process involved parameters
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such as the injection volumes, WAG ratio, length, bottom hole
pressure, and hydrocarbon gas fraction. You et al. (2020) used a
Gaussian-SVR with a Gaussian kernel to build proxy models and
optimize its hyperparameters via Bayesian optimization. This
model, combined with the MOPSO protocol, was employed to
enhance the intricate CO,-WAG technique. The optimization pa-
rameters included the injection rates, bottom-hole pressure, and
WAG cycle duration. Jaber. (2022) used a GA technique-based
proxy model to optimize key variables, such as the WAG ratio,
size, length, and bottom hole pressure in the CO,-WAG technique
for the Subba-Nahr Umr reservoir. Some other studies utilized
various input parameters and algorithms for CO,-WAG optimiza-
tion (Matthew et al., 2023; Nait Amar et al., 2021; Ng et al., 2021,
2023).

From the aforementioned studies, it is evident that prior
studies on CO,-WAG EOR optimization generally relied on
comparatively small datasets and considered a single objective
function, either CO, storage or oil production. Some studies used
both CO, storage and cumulative oil production; however, they
relied on a few input parameters. The absence of a large number of
input parameters and extensive time-series data limits the full
potential of machine learning techniques, and it is challenging to
achieve global optimization results. Moreover, prior studies did
not consider all trapping mechanisms. In contrast, this research
study utilized a larger dataset comprising nine input parameters,
two output parameters and incorporated all major CO, trapping
mechanisms, including mineralization. Therefore, the research fills
the gap and provides a more holistic approach that includes
comprehensive time-series data, multiple trapping mechanisms
and a large number of variables that will also enhance machine
learning techniques predictive capability in achieving global
optimization. Additionally, prior studies relied on GA and PSO for
CO,-WAG optimization problems. However, these algorithms have
limitations such as premature convergence and stagnation when
dealing with complex optimization problems.

To overcome these challenges, this study utilized a novel ma-
chine learning technique for CO,-WAG coupled optimization
based on the reptile search algorithm (RSA). To the best of our
knowledge, this study utilized RSA for the first time for CO,-WAG
coupled optimization. In the absence of real field data, the study
used numerical simulation by employing CMG-GEM to obtain a
large dataset for the proposed machine learning study based on a
conceptual model of the Bell Creek Oilfield. Furthermore, the study
employed a robust deep neural network, such as a multi-layer
perceptron (MLP), for the construction of proxy models, which
considerably increases the computational speed of the simulated
data. A novel technique is used to employ machine learning al-
gorithms for hyperparameter tuning to obtain the best architec-
ture. After the realization of the proxy models, the most widely
used optimization algorithms, such as the GA, PSO, and the newly
developed RSA, were used to obtain the optimal solution for the
desired objective functions. This method considerably enhances
the effectiveness of the optimization scheme and provides engi-
neers with insights and a robust co-optimization scheme.

2. Methodology
2.1. Base model

This study considers the Bell Creek oil field for a CO,-WAG
optimization study, which is located in the Powder River Basin,
Montana, and has been producing for more than 55 years and is
now in the tertiary phase (Kurz et al., 2013). A representative
model was constructed by utilizing the CMG-GEM module of the
CMG simulator specialized for compositional studies, as shown in
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Fig. 1. Schematic of the reservoir permeability model.

Fig. 1. The simulation model in a Cartesian grid system containing
59 x 59 x 6 = 20886 grid blocks was developed. A dip angle of 1°
was applied in the model to reflect the natural structural inclina-
tion of the formation. The model incorporates a five-spot injection
pattern, a central well designed for production, and four injection
wells in the corners for alternate water and CO; injection (Jin et al.,
2018).

All the key reservoir parameters utilized in the model are listed
in Table 1. The reservoir pressure and temperature conditions
placed the model above a minimum miscibility pressure of
9.73 MPa. The reservoir temperature was recorded as 107 °F (Kurz
et al., 2013). The upper siltstone has a porosity and permeability of
0.15 and 50 md, whereas the lower sandstone has a porosity and
permeability of 0.25 and 700 md (adjusted for simplicity). The
model considers all trapping mechanisms, such as structural, re-
sidual, solubility, and mineralization. For residual trapping, the
study utilized a CMG-GEM in-built linear phase permeability
hysteresis model (Sgr_max = 0.30) (Land, 1968). The details of the
fluid model utilized, and relative permeability curves are given in
Table 2 and Fig. 2, respectively. The PVT model comprised of seven
components: COz, Np-Cp, C3-C4, C5-C7, C3-Cy3, C14—Ca4, Co5-C364,
which were lumped by lumping techniques. Peng-Robinson
equation of state (EOS) was employed for model fine-tuning the
fluid model utilizing the CMG Winprop module. To ensure that the
model accurately captures reservoir fluid behavior, experimental
data such as saturation pressure, swelling tests, constant compo-
sition expansion, and differential liberation test were matched at
reservoir conditions.

The base model simulates a total of 20 years for cumulative oil
production and 100 years for CO, storage, where CO,-WAG injec-
tion (for 20 years) commences from the beginning as the model is
assumed to be depleted (S,, = 0.58). Having a WAG-cycle size (total
of 40 cycles) of 180 days (90 days each) and a WAG ratio of 1:1. The

Table 1
Fluid composition.

Components Mole fraction

Co, 0.0042
N, 0.0019
CHy 0.1909
CoHe 0.0033
C5H-NC4 0.0428
iCs-Cy 0.1526
Cs-Ci3 0.2860
C14-Cas 0.1997
Co5-Caer 0.1184
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Table 2
Model characteristics.
Properties Values
Depth 4400 ft
Reservoir thickness 60 ft
Dip angle 1° (northwest)
Porosity Siltstone 0.15, Sandstone 0.25

Permeability

Siltstone 50, Sandstone 700 md

Reservoir pressure 16.55 MPa
Temperature 107 °F
Production bottom hole pressure 8.27 MPa
API gravity 37°
Salinity 5000 ppm
0il viscosity 2.2 cP
Saturation pressure 6.38 MPa
MMP 9.73 MPa
Equation of state (EOS) Peng Robinson
Injection and production 20 years
CO, storage 100 years

CO,-WAG injection began with CO, injection followed by water
injection, at an injection rate of 0.115 x 10 tons/day and 1730 bbl/
day, respectively. The bottom hole pressure of the production well
was 8.27 MPa, and the injection pressure limit was set at 20 MPa.
The injection rates and production results of cumulative oil pro-
duction and CO; storage are shown in Figs. 3 and 4 shows storage
by different mechanisms.

2.2. Database creation

To capture the intricacies of CO,-WAG, this study thoroughly
investigated nine input parameters: geological, fluid, injection,
and production parameters. The geological parameters include the
initial reservoir pressure, which is an important parameter to
consider when conducting a CO,-WAG study. The design param-
eters ensure the maintenance of the reservoir pressure. The fluid
properties included oil saturation, water saturation, pH, and
salinity. Water saturation has a significant effect on oil production;
as water saturation increases, it decreases oil saturation and leads
to lower oil production. High water saturation also mimics the
advanced stage of production. Similarly, pH is also an important
parameter when considering CO, sequestration (mineralization),
which affects the mineralization reaction of CO, with rock min-
erals (Christensen et al., 2021; Delerce et al., 2023; Wan et al,,
2017; Oskouei et al., 2012). The model considers the mineraliza-
tion reactions of anorthite, calcite, and kaolinite. Another crucial
factor affecting CO; dissolution is salinity, and various studies have
demonstrated its importance (Forray et al.,, 2021; Kumar et al.,
2020). This model achieves brine salinity by considering the
molar mass concentrations of Na™ and Cl~ ions in aqueous con-
ditions. Similarly, the injection and production parameters include
the bottom hole pressure (both injection and production wells)
and gas and water injection rates. A commercial simulator, CMG-
GEM was used to randomly generate cumulative oil and CO,
storage for a dataset of 700 cases which is based on different input
parameters such as pH, salinity, water saturation, oil saturation,
average reservoir pressure, BHP production, BHP injection wells,
water injection rate, and gas injection rate. The range of values for
all parameters and their distribution are given in Table 3.

3. Machine learning techniques
3.1. Proxy models construction

Advancements in computational technology have broadened
the possibilities of reservoir modeling. However, limited
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Fig. 3.

computing resources remain a challenge, particularly for uncer-
tainty quantification and optimization workflows (Zubarev, 2009).
To address this issue, the industry is turning to computationally
efficient proxy models and high-performance computing tech-
niques. The proxy model is succinctly characterized as a mathe-
matical or statistical function designed to emulate the outcomes of
intricate simulation models by employing a set of predetermined
input parameters, also known as surrogate models. These models
serve as proficient substitutes for more complex models, ensuring
computational efficiency. Proxy modeling is considered highly
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effective for production optimization projects and can significantly
reduce computation time and cost. In the oil and gas sector,
different types of proxy models have been used for different
optimization studies. This study constructed and employed two
proxy models for cumulative oil production (for 20 years) and CO,
storage (for 100 years). The main advantage of this method is its
flexibility, which allows engineers to set any suitable time node as
the optimization objective based on extensive statistical analysis.
This ensures a robust workflow for co-optimization, enhancing the
accuracy and reliability of reservoir simulation studies. This study
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Table 3

Basic parameters and range for database creation.
Parameters Min Max
Water injection rate, x 10% bbl/day 0.52 2.2
Gas injection rate, x 10> tons/day 0.1 0.5
BHP production, MPa 55 9.6
BHP injection, MPa 10.3 22.7
Average pressure, MPa 9.65 16.5
So 0.2 0.9
Sw 0.2 0.8
pH 5.5 8.5
Salinity 2 200

employed a multi-layer perceptron (MLP) to construct two sepa-
rate proxy models for cumulative oil production and CO, storage.

MLP is a type of artificial neural network (ANN) that includes
more hidden layers than traditional ANN. A typical ANN model
includes an input layer, hidden layer, and an output layer, where
the MLP includes multiple hidden layers. The input layer is
designed to receive and accommodate data of varying dimensions.
The hidden layers are generally arranged in numerous tiers and
execute fundamental computation by adding weights to the input
data and transmitting it through an activation function, thereby
generating intricate representations of the data (Goodfellow, 2016;
Mohanasundaram et al., 2019; Subasi, 2020). The activation
function creates nonlinearity, which allows the network to
represent complex data patterns. These layers can have a number
of neurons that learn the diverse characteristics and features of the
input data to learn high-level abstractions. The output layer con-
solidates the information acquired from the hidden layers and
employs a task-specific activation function, such as softmax for
classification or linear activation for regression. This yields the
final output, which is applicable for predictions or classifications
contingent upon the specific problem being addressed. MLPs are
proficient in discerning intricate patterns compared with tradi-
tional ANN networks.

This study utilized a sample set of nine input parameters and
two output parameters for training and testing the proxy models.
The dataset input parameters are oil saturation, water saturation,
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pH, salinity, average reservoir pressure, bottom hole pressure of
the injection well, bottom hole pressure of the production well,
water injection rates, and gas injection rates. The dataset output
parameters are cumulative oil production and CO, storage.
Initially, the data was carefully inspected for outliers. Subse-
quently, it was split, with 75% allocated for training and 25%
allocated for testing. Feature scaling was then employed to
normalize the data, ensuring that it fell within a specific range,
typically from O to 1. This process ensures that the data is prepared
and optimized for further analysis or modeling.

Upon completion of the initial MLP model, evolutionary algo-
rithms, such as the RSA, PSO, and GA were employed to optimize
the architecture of the proxy models. Using these algorithms, key
parameters such as the number of layers, neurons, batch size, and
epochs were optimized, additional details can be found in Emam
et al. (2023), Nikbakht et al. (2021), and Qolomany et al. (2017)
work. Fig. 5 shows the detailed workflow, and Table 4 summarizes
the optimized design of the proxy models used in this study.

Following architecture optimization, the training of the proxy
model commenced. To evaluate the precision of the predicted
variable, cross-plots comparing the actual values to MLP predicted
values were assessed. The effectiveness of the machine learning
model and its overfitting and underfitting can be verified by the R?
plots, mean square error (MSE), and mean absolute relative error
(MARE). This can be calculated using the following Eqs. (1)-(3):

n 2
= (yiﬁact _yi,pred)
2 1=
TR ;
Yiact = Vi,
& i,act iact
1¢ 2
MSE = H o (yi,act - Yiﬁpred) (2)
MARE — 1 YViact — Yipred 3)
n i—1 YI,act
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Fig. 5. The flowchart of the proposed optimization framework. Starting with base model development, it is used with deep neural networks, such as a multi-layer perceptron
(MLP), to develop proxy models for the optimization step. GA, PSO, and RSA algorithms are utilized to get the optimal solutions for cumulative oil production and CO, storage.

Table 4
MLP-GA, MLP-PSO, and MLP-RSA optimized models parameter architecture.

Parameters Optimal parameters
GA PSO RSA
Number of layers 3 3 4
Neurons 600, 400, 200 442, 456, 451 88, 507, 413, 451
Activation function ReLU ReLU ReLU
Epochs 150 180 190
Batch size 128 68 128

where y; , represents the actual values used for training purposes
and Y; ,req Tepresent the values predicted by the proxy model.
Both proxy models, such as cumulative oil production and cu-
mulative storage, are fine-tuned by the RSA, PSO, and GA algo-
rithms to obtain the best representative proxy models, as shown in
Fig. 6. The best representative models were based on high R?
values and lower MSE and MARE values. The MSE of the loss
function plays an important role in evaluating the accuracy and
precision of the model while preventing model overfitting. Once

the proxy models were accepted, they were integrated for the
optimization step to predict the output parameters.

3.2. Objective function

For the co-optimization, the study utilized two objective
functions, cumulative oil and CO, storage, as both are dynamic
properties, so a dynamic weight coefficient is set as follows:

3.2.1. Cumulative oil production

In CO,-WAG EOR, the main goal is to enhance the long-term
cumulative oil production. The study utilized dimensionless oil
production to eliminate the impact of the unit on the coupled
optimization and can be represented as follows (Xue et al., 2025):

t 1N r
Pi*N;Pi

(4)

Npi

1 1

1 pt 1Nt2
e DO Rl DI
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Fig. 6. The training method employed in this study. Proxy 1 is used for cumulative oil production, and Proxy 2 for cumulative CO, storage. Both are then utilized by the opti-

mization algorithms GA, PSO, and RSA for the optimization process.

where Nf; denotes dimensionless cumulative oil production (of i —
th sample at time step t), P denotes the cumulative oil production

(of i — th sample at time step t), N represents the sample number,
and ¢t is the time step.

3.2.2. CO, sequestration
In CO2-WAG EOR, another important parameter is CO, storage.
The dimensionless CO, sequestration formula is given as:

1 gt
sifﬁ;si

2
N
(sf 3 zsf)
1

where Ngi denotes dimensionless CO; storage (of i — th sample at
time step t), Sl? denotes CO; storage (of i — th sample at time step t),
N is the sum of the samples, and t is the time step.

t _
NSi_

(5)

N

>

i

L
N—

3.2.3. Coupled optimization

The study utilized both cumulative oil production and CO,
storage for the optimized objective function, as both objective
functions are dynamic, so a dynamic weight coefficient will be
employed, and the objective formula for both functions is given as
follows (De Weck and Kim, 2004):

F=w x N{' + (1 —w) x N2 (6)

where F is the objective function, w is the weight coefficient
(w = 0.5, to give equal importance to both objective functions), Ngl

and N,Ez denote the dimensionless CO, storage and cumulative oil
production at the i — th time step t, respectively.

3.3. Optimization

For the optimization, this study utilized three algorithms: the
GA, PSO, and RSA. A detailed introduction of the RSA algorithm is
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presented here, and the details of the GA and PSO algorithms can
be found in the supplementary data (Section 2).

3.3.1. Reptile search algorithm (RSA)

The Reptile search algorithm (RSA) introduced by Abualigah
et al. (2022), is a nature-inspired metaheuristic algorithm that
imitates the foraging behavior of reptiles. Hunting behavior of
crocodiles, such as the encircling and hunting phases. The encir-
cling phase is used for exploration (global search), and the hunting
phase for exploitation (local search), as depicted in Fig. 7. It com-
bines exploration and exploitation using adaptive position up-
dates. The first step of the RSA optimization process starts with
initialization by generating a set of random solutions (X), as given
in Eq. (7), where the best solution obtained in each iteration is
considered as an optimum solution.

X141 Xin-1 Xin
X1 Xon-1 Xon

X= (7)
XN XNn-1  Xnn

where, X;; represents the solution of i — th candidate at the j — th
position and can be calculated using Eq. (8). N and n represent the
total candidate solutions and dimensions of the given problem,
respectively.

Xjj=rand x (UB—-1LB) +LB,j=1,2,.... (8)
where, rand denotes any random value, UB and LB represent the
upper and lower limits, respectively.

The second step is exploration or encircling, where crocodiles
encircle prey in the global search space. This exploration of the

global search space is done by two unique walking styles, such as
high walk (tg g) and abdominal walk ((tg Lt >7Tl)> These
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Fig. 7. Schematic diagram of reptile swarm algorithm (RSA) modified from Abualigah et al., (2022).

walking styles identify the number of iterations and can be
expressed by Eqgs. (9) and (10), respectively:

Xij(t+ 1) =Best;(t) x ES(t) x rand, if ¢ gg and t>£ ©)
. T
Xij(t+ 1) =Best;(t) x n(j(t) x f— Ri;(t) x rand,if t < a
(10)

where, Best;(t) denotes the best position among the population, ¢
is iteration, X ;(t +1) represents the position in the next iteration, T
stands for total iterations, 5 is the hunting factor and can be
calculated by using Eq. (11), g is the exploration accuracy having a
constant value of 0.1. R; j, is used for search area reduction as given
in Eq. (12), where r; is a random integer between [1,N], X; ;, shows
a random position of the i — th solution, N is the candidate solu-
tion, ES is the probability ratio that falls between 2 and -2, and can
be calculated as:

(i) :Bestj(t) X P(i,j) (11)
Best;(t) — X,
o ) (r24)
(i) Best;(t)+ (12)
ES(t)=2xr3 x (1—%) (13)

where r, represent a random integer [1,N] and r3 between [ - 1,1].
P ; is the percentage difference between the current and optimal
solutions and can be calculated by using Eqs. (14) and (15),
respectively:

Xy — My,
Pij —a+ i) ~ M) (14)
Best;(t) x (UBy, — LB )+ €
‘1 M
Mx) =g > Xiij (15)
=

where My, represent the average position and « is a sensitivity
parameter with a value of 0.1.

The third step is the exploitation or hunting phase, where the
crocodiles hunt the prey, and can be performed by using two
strategies. Such as a coordinated and cooperation strategy. A co-
ordinated strategy can be used when t < 37Tl and t> % whereas a

cooperation strategy can be employed whent < Tand t> 37T, and
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the exploitation phase is represented by Eqs. (16) and
respectively.

(17),

. T T
de(t+1)=BeStj(t) X P(‘J)(t) x rand, if t < 371 and t>§ (16)
Xij(t+ 1) :Bestj(t) — ﬂ(ij)(t)x S —R(lj)(t) X rand,ift
gTandt>3£ (17)

RSA can achieve competitive results in optimizing multimodal
and high-dimensional functions. This study used a population size
of 50, exploration factor of 0.1, and exploitation factor of 0.5 to
optimize solution exploration and exploitation while maintaining
computational efficiency. The main advantage of RSA is its unique
strategy that changes between encircling (where it does diverse
exploration) and hunting (also known as targeted exploitation),
enabling it to maintain a balance between local and global search.
This unique strategy increases diversity and also reduces the risk
of stagnation or trapping in the local optima, leading to better
convergence and accuracy in complex optimization problems.
More details can be found in Abualigah et al. (2022).

4. Results and discussion
4.1. Feature importance

The random forest algorithm is frequently employed for feature
analysis in machine learning, including CO,-WAG problems. This
method can manage complex data relationships and offers
comprehensive insights into the importance of features (Chen
et al., 2020; Lazreg et al,, 2020). It also identifies key variables
that play a vital role in influencing predictive outcomes. This
feature ranking technique is widely used for both classification
and regression problems (Jaiswal and Samikannu, 2017). This
study also employed this technique to understand the impact of
input features on output parameters. The results revealed that the
input features had a significant influence on the cumulative oil
production and CO; storage. This understanding of the correlation
is of paramount importance for CO,-WAG optimization because it
identifies the most crucial parameter affecting the outputs.
Furthermore, insights from this analysis can inform decision-
making processes in reservoir management and potentially
contribute to the development of accurate models in various
geological settings. In the selected input parameters, such as oil
saturation, water saturation, salinity, and pH, are not controlled
variables, where injection rates (gas and water) are controlled
variables, and pressure, such as reservoir pressure and BHP
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(injection and production), can be indirectly influenced by injec-
tion fluids and rates. Among the input parameters, oil saturation,
water saturation, water injection rate, and gas injection rate have
significant effects on the output parameters with relative impor-
tance values of 0.40, 0.35, 0.14, and 0.13, respectively, as shown in
Fig. 8. Similar effects of oil saturation and pressure on oil pro-
duction and CO; storage are also reported in prior studies (Aliyuda
et al., 2020; Shen et al., 2023). Similarly, the BHP Injection, BHP
production, and average reservoir pressure follow with relative
importance values of less than 0.05, which is consistent with the
sensitivity analysis results (Fig. S2). Indicating weak relative
importance, such results were also reported by (Gao et al., 2023),
where the gas injection rate had a higher impact on cumulative oil
production than BHP and water saturation. Furthermore, salinity
and pH had the lowest relative importance values, which trans-
lates to the least effect on cumulative oil and gas storage in the
presence of other parameters. Even some parameters have the
least effect on the objective parameters, but to ensure the accuracy
of the regression model, we retain all parameters. As mentioned
earlier, among the variables in the CO,-WAG process, some are
controlled, while others are not controlled; thus, in the optimi-
zation framework, the controlled variables are utilized for the
coupled optimization. In a CO,-WAG project, the controlled vari-
ables must be carefully designed to get optimum results as they
directly influence oil production and CO, storage performance,
where adequate CO, and water injection will result in maximum
oil recovery, CO, storage, and will also help to maintain reservoir
pressure (Jarrell et al., 2002).

4.2. MLP-GA integration

MLP-GA was used to enhance the designed neural network
architecture by utilizing GA for hyperparameter tuning. Initially,
separate proxy models, cumulative oil, and CO, storage were
developed to optimize both proxy models, GA algorithm was uti-
lized to select the optimal MLP architecture for both proxy models.
The model accuracy and precision were evaluated by mean square
error plots, Fig. 9(a) and (b) show the MSE loss function for Proxy 1
and Proxy 2, respectively. The figure shows how quickly both proxy
models learn and converge, without overfitting. Fig. 10(a) and (d)
depicts the cross-validation plots of the predicted versus actual
values of the cumulative oil and CO, storage, respectively. The
plots reveal that most of the data points are closely aligned with
the diagonal line, indicating that the model predictions accurately
match the real values.

S,

Pressure

Water injection rate
Gas injection rate
BHP injection

BHP production

S

Salinity

pH

0.05 010 015 020 025 030 035 040 045

0

0.50
Relative importance
Fig. 8. Random forest algorithm is employed to rank the relative importance of the

input parameters on the objective function, cumulative oil production, and CO,
storage.
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The data shows a 45-degree line between the predicted and
actual values, which represents the reliability of the proxy models.
Blind testing is an important step in validating a model on unseen
data. For this purpose, 25% of the data were utilized, and the
representative R? values for both the proxy models are 0.99 and
0.97, respectively. Furthermore, Fig. 10(b, c) and (e, f) show the
MARE between the actual and predicted values of the cumulative
oil and CO, storage, falling between 0 and 1.2. Based on the MSE
plots, R?, and absolute relative error plot, it is evident that the MLP-
GA model demonstrates strong and robust performance for both
proxies. The MLP-GA enhanced the neural network architecture
and reliability of the proxy models. Now, both the proxies will be
integrated and optimized with GA to optimize the objective
function.

Fig. 11(a, b) depicts the cumulative oil production and CO,
storage (Fig. S5 shows CO, storage by different mechanisms) for
both the base case and GA-optimized case. In 20 years, the base
case cumulative oil production is 2.05 x 108 bbl, whereas the GA
base optimized case is 2.09 x 10° bbl. This indicates that GA-
optimized case increased the oil recovery by 2.15%, where the
cumulative CO; storage of the base case and GA-based optimized
case were 3.43 x 10° and 3.59 x 10> metric tons, respectively. An
increment of 4.72% was noticed in the CO, storage compared to the
base case. Furthermore, the GA-optimized case resulted in a higher
oil revenue of 146.84 million USD in comparison to the base case of
143.76 million USD (average price of oil was considered USD 70/
bbl), the details are given in Table 5.

Furthermore, Fig. 11(c, d) shows the CO, injection and water
injection plots. Based on the prediction, both the CO, injection rate
and water injection rate were increased from the base model, such
as 0.115 x 103-0.120 x 103 metric tons/day and 1730-1761 bbl/day,
respectively. This increase in the injection profile suggested by
MLP-GA can be beneficial twofold: First, this increase in gas in-
jection rate improves microscopic sweep efficiency by increasing
the residual oil displacement at the pore scale. CO; in miscible or
in near-miscible condition reduces interfacial tension and oil vis-
cosity, which leads to improved oil mobility and enhances the
miscibility front to contact with zones that were previously
bypassed. It also aids in larger amounts of CO, storage where more
of the CO» is injected deeper and can be sequestered by residual
and solubility, and other trapping mechanisms. Secondly, the
higher water injection rate can achieve better macro sweep effi-
ciency, by pushing the front uniformly and a large volume of oil by
sweeping a large volume of the reservoir. Water acts as a piston by
supporting the reservoir pressure and helps in preventing large gas
breakthroughs, which is one of the challenges faced during the
CO,-EOR process. Maintaining reservoir pressure above the MMP,
making sure CO; is in a miscible state, and enhancing its interac-
tion with oil. Furthermore, this cyclic nature of the CO,-WAG
technique gives better mobility control, balances the oil and gas
mobility ratio, and avoids viscous fingering and gas channeling,
which is another inherent problem faced during the CO,-EOR
technique. This unique synergy between water and gas leads to
better reservoir conformance and volumetric displacement, as
shown in Fig. 19. These results are in line with prior work that
optimized injection profiles to enhance both oil recovery and CO;
storage (Christensen et al., 2001; Kulkarni and Rao, 2005; Lake
et al,, 2014).

4.3. MLP-PSO integration

Another model for the optimization process is MLP-PSO, where
the MLP is coupled with the PSO algorithm. Fig. 12(a, b) depicts the
loss vs. epoch plots for cumulative oil production and CO, storage,
both of which represent the proxy model accuracy and precision,
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data.

Table 5
Comparison between base case and proposed workflows (MLP-GA, MLP-PSO, and MLP-RSA).
Results Base case MLP-GA case MLP-PSO case MLP-RSA case Difference (MLP-RSA to MLP-PSO)
Cumulative oil production, x 10° bbl 2.05 2.09 2.15 2.27 5.74%
Cumulative CO, storage, x 10° tons 3.43 3.59 3.95 428 8.10%
Qil revenue, million USD bbl x oil price 143.76 146.84 150.44 159.07 8.62
Objective function (w = 0.5) 0.88 0.91 1.007 1.088 8.04%
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and the plots also represent the quick learning and convergence of
the proxy models without overfitting. Fig. 13(a, d) shows the cross
plots of the blind testing, showing how effectively the cumulative
oil production and CO; storage proxy models predicted the actual
values on the unseen data. Both the actual and predicted data
points effectively aligned across the diagonal, validating the model
accuracy and prediction ability. The representative R* values of
both cumulative oil production and CO, storage were 0.99 and
0.97, respectively. Similarly, Fig. 13(b, c¢) and (e, f) show that the
MARE for both the cumulative oil production and CO, storage
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models lies between 0 and 1.2. The results show that the model
effectively predicts the actual values of both cumulative oil pro-
duction and CO; storage, indicating that both proxy models can be
coupled to perform the optimization process.

After coupling both proxy models, the PSO algorithm was
employed to optimize the desired objective function parameters.
Fig. 14(a, b) depicts the cumulative oil production and CO; stor-
age (Fig. S6 shows CO, storage by different mechanisms) of the
MLP-PSO optimized case with the base case. The cumulative oil
production predicted by the base case and MLP-PSO optimized
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data.

case is 2.05 x 10° and 2.15 x 10° bbls, respectively, resulting in an
increment of 4.64%. Whereas the CO, storage prediction of the
base model and PSO optimized case are 3.43 x 10° and 3.95 x 10°
metric tons respectively, indicating an increase of 15.4%, as
detailed in Table 5. Furthermore, the PSO-optimized case resulted
in a higher oil revenue of 150.44 million USD in comparison to the
base model of 143.76 million USD. The given results deduced that
the optimization process was successful and improved all vital
performance indicators. Furthermore, Fig. 14(c, d) depicts the
water and gas injection profiles of the base case and PSO-
optimized case. Both the water and gas injection rates of the
optimized case were higher than those of the base case, resulting
in enhanced oil recovery, higher CO, storage, and maintenance of
the reservoir pressure above the MMP, as shown in Fig. S10.

4.4. MLP-RSA integration

The MLP-RSA model offers a novel approach to optimization by
coupling MLP with RSA, where the MLP is coupled with a newly
developed RSA algorithm. The MLP architecture was optimized
using the RSA algorithm for both proxy models. Fig. 15(a) and (b)
illustrate the loss vs. epoch plots for these models, demonstrating
the proxy models accuracy and precision, rapid learning, and
convergence without overfitting. The effectiveness of both proxy
models in forecasting the actual values for unseen data is
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illustrated through blind testing cross-plots, as shown in Fig. 16(a)
and (d). The close alignment of the actual and predicted data
points along the diagonal confirmed the accuracy and predictive
power of the models. The representative R? values for both proxy
models are 0.99 and 0.97, respectively. Fig. 16(b, ¢) and (e, f) also
demonstrates that the MARE for both models is within the range of
0-1, emphasizing their proficiency in predicting actual values and
their suitability to couple for the optimization process.

After coupling both proxy models, the RSA algorithm was
employed to optimize the objective function parameters, total oil
production, and CO; storage amount. Fig. 17(a, b) compares the
cumulative oil production and CO, storage (Fig. 18 shows CO,
storage by different mechanisms) of the MLP-RSA-optimized case
with those of the base case. The optimized scenario resulted in a
cumulative oil production of 2.27 x 10° bbl, an increase of 10.65%
from the base case. Likewise, CO, storage predictions increased
from 3.43 x 10° metric tons in the base case to 4.28 x 10° metric
tons in the RSA-optimized case, an increase of 24.72%, as illus-
trated in Table 6. From an economic analysis perspective, the RSA-
optimized case resulted in oil revenue of 159.07 million USD, an
increment of 15.31 million USD from the base case (143.76 million
USD). These outcomes validate the effectiveness of the optimiza-
tion process for improving the performance indicators. Fig. 17(c, d)
shows the water and gas injection profiles for both base cases, with
the optimized scenario showing higher injection rates. This
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increase in injection rate led to improved oil recovery, greater CO,
storage, and maintenance of the reservoir pressure above the
MMP, as shown in Fig. S10.

4.5. Comparative analysis

This study utilizes a novel technique that employs GA, PSO, and
RSA to determine the best input parameters to optimize the
desired objective function. All three algorithms use different ap-
proaches to search for the optimal objective function value.
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4.5.1. Objective function optimization

A comparative assessment of the three machine learning
models, MLP-GA, MLP-PSO, and MLP-RSA, is presented in Table 5,
focusing on their ability to predict cumulative oil production and
CO; storage. All models utilized the same objective function. The
analysis revealed that MLP-RSA achieved better predictions
compared to MLP-PSO and MLP-GA, as shown in Fig. 20(a and b).
This advantage can be attributed to the higher objective function
value obtained by RSA 1.088, where PSO and GA resulted in
objective values of 1.007 and 0.91, respectively, as illustrated in
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data.

Fig. 19. The optimized parameters proposed by RSA, particularly
the water injection rates, were generally higher than those sug-
gested by PSO and GA. The GA recommended slightly lower in-
jection rates for both CO, and water compared to the PSO, as
shown in Fig. 20(c and d). Interestingly, all the algorithms advo-
cated for increased injection rates during the optimization process.
This higher objective function value can be attributed to the
intrinsic properties of RSA that it very effectively balances the
exploration and exploitation stages; it also has the ability to escape
the local optima successfully, and it can control the step size. Based
on this mechanism, we presume that it helps in maintaining di-
versity in the search space and speeds up the convergence towards
the global optimum. Similar results are also reported in prior
studies (Abualigah et al., 2022). When evaluated against the base
case, all models, such as MLP-RSA, MLP-PSO, and MLP-GA,
demonstrated significant improvements in enhancing cumula-
tive oil production and CO; storage. The overall performance of the
models can be represented as MLP-RSA > MLP-PSO > MLP-GA.
Pressure plays an important role in enhancing oil production
from depleted reservoirs because it directly affects the displace-
ment and sweep efficiency in WAG processes (Sallam et al., 2015).
The RSA algorithm results in an optimal solution with higher
objective values by suggesting higher injection rates that sub-
stantially increase cumulative oil production and CO, storage.
RSA-based solutions yield 5.74% and 8.10% more cumulative oil
production and 9.33% and 19.10% more CO, storage in comparison
to PSO and GA, respectively. In contrast to GA, PSO resulted in an
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increase of 2.92% and 10.17% in oil production and CO, storage,
respectively. As the reservoir pressure is primarily controlled by
water injections, the lower injection rates proposed by the GA led
to comparatively decreased pressure, oil recovery, and CO, storage.

Effective optimization of injection rates can significantly
improve the outcomes of CO,-EOR projects, enhancing both eco-
nomic viability and carbon storage efficiency. Additionally, the
total oil recovery factor over 20 years was compared. The MLP-RSA,
MLP-PSO, and MLP-GA methods yielded oil revenue of 146.84,
150.44, and 159.07 million USD, respectively. MLP-RSA resulted in
an increase of 5.74% and 8.33% in the oil recovery factors in com-
parison to the MLP-PSO and MLP-GA models, respectively. These
results indicate that our proposed optimization technique led to
significant improvements across all key performance metrics
examined in this study.

4.5.2. Model's performance and accuracy

The evaluation of the RSA, PSO, and GA revealed exceptional
effectiveness in enhancing the specified simulation model across
various operational factors, including water and gas injection rates
as well as bottomhole pressures. Each model results in distinct
optimal results owing to variations in their computational ap-
proaches and relevant adjustments to specific parameters that
affect the efficiency. The RSA, inspired by the hunting habits of
reptiles, utilizes adaptive movement strategies to achieve a bal-
ance between exploration and exploitation (Abualigah et al., 2022;
Elgamal et al., 2022). PSO, which is rooted in swarm intelligence
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principles, depends on social and cognitive factors, along with
inertial weights, to direct particles toward ideal solutions (Hassan
et al., 2005; Huang et al., 2023). GA, an evolution-based algorithm,
utilizes genetic mechanisms, such as selection, crossover, and
mutation, to progressively improve solutions (Hassan et al., 2005).
The selection of these parameters significantly influences the
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convergence patterns and the ultimate results of each algorithm
(Naga and Prakash, 2020; Shanthi and Chethan, 2022). Despite
their methodological distinctions, all three algorithms exhibited
outstanding optimization capabilities.

After careful structural examination of the algorithms, the
mean absolute relative error between the actual and predicted



S. Ud Din, L. Xue, E-L. Ning et al.

1.5

054 :

Objective function

- GAcase

200 600

Iteration

Fig. 19. Proposed workflow performance indicator, objective function vs. iteration
plot.

(a) 25E+6
—— RSAcase
—— PSO case
S —— GAcase
o i
o 20E+6 Base case
c
Re]
=
3]
3 1.5E+6
<
[
©
O 1.0E+6 o
=
=
)
>
g 5.0E+5
.0E+5 -
(@]
0.0E+0 + - - - - -
1 4 8 12 16 20
Time, years
(c) 30E+3
—— RSAcase
—— PSO case
25E+3 4 —— GAcase
>
© —— Base case
kel
= CARAMARAAAAAAAAAAAR AR AAAARAAAAAAAAAAAAAA
Qo
2 20E3 4 AUty L
)
= HHHHHHHHHHHHHHAHHHHHHHHHHEHHHH HHHHHHH
: | |
o
5 1.5E+3 A
=
o
L
£ 1043 4
o
[5]
2
2
5.0E+2 A
0.0E+0 i
1 4 8 12 16 20
Time, years

Petroleum Science 23 (2026) 4441-4460

Table 6
Base case and optimal case results and comparison.
Results Base case Optimal case Difference
Water injection 1.7 2.7 1
rate, x 10° bbl/day
Gas injection 1.1 1.8 0.7
rate, x 102 tons/day
Cumulative oil 2.05 2.27 10.65%
production, x 106 bbl
Cumulative CO, 3.43 428 24.72%
storage, x 10° tons
Oil revenue, million 143.76 159.07 15.31
USD bbl x oil price
Objective function (w = 0.5) 0.88 1.088 0.208
Slug size, PV 0.98 1.58 0.6
Pressure profile (average), MPa 14.15 15.65 147
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Fig. 20. Base GA, PSO, and RSA optimal models oil production, storage, and injection rates plots. (a) Cumulative oil production, (b) CO, storage, (c) water injection rate, and (d) CO,

injection rate.

values falls between 0 and 1, 0-1.2, and 0-1.2 for RSA, PSO, and GA,
respectively. The loss vs. epoch plots showed that the proxy
models trained by these algorithms converged effectively without
overfitting. Additionally, the R? values of all the models fall in the
range of 0.99 and 0.97 for Proxy 1 and Proxy 2. Based on the above
evaluation and optimization, the RSA algorithm outperformed
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both the PSO and GA algorithms by suggesting higher operational
parameters, resulting in high cumulative oil production and CO,
storage. Compared with the base case, all three algorithms out-
performed the base case. The optimal values suggested by these
algorithms indicate the robustness and effectiveness of the pro-
posed model. Furthermore, these optimization techniques
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Table 7
System configuration and environment.

System
configuration

Description

Operating system  Windows 11 Pro, 64-bit

Processor Intel (R) Core i7-8550U CPU 1.80 GHz 2.0 GHz (8
processors)
RAM 16 Gb

Petroleum Science 23 (2026) 4441-4460

number of wells, and geological complexity, compared to real field
conditions. The absence of field datasets meant that certain het-
erogeneities, operational constraints, and site-specific un-
certainties could not be fully incorporated. The study focused on
nine input parameters (such as oil saturation, water saturation,
salinity, pH, average pressure, bottom hole pressure production,
and injection) and two output parameters (cumulative oil pro-
duction and CO; storage), sufficient for the scope of the study, but

Data acquisition and reservoir model

® Complete field model

® Complex heterogeneity @

® Large dataset

® More wells

! @)”@ Input/output parameters
expansion

® Geological and petrophysical
parameters.

& Simulations

* Extend simulations time beyond

) " 100 years.
® Reservoir and operational :
parameters. ] Ir:vestlgate long term CO,
* Adding NPV and RF as output o E)gtraa%e.tract'on
parameters. L et

& Optimization framework

® |nput dataset creation.

® Advance proxy models
utilization.

* Advance multi-objective
optimization algorithms
MOGWO, SPEA I, NSGAIII.

»

/,qq Economic

+ assessment

A 4

* Comprehensive techno-economic assessment.
* NPV (OPEX, CAPEX, discount rate, tax carbon credit scenarios).

Decision making

Fig. 21. Future workflow to extend the optimization study.

eliminate the need for time-consuming numerical simulations,
which are typically employed to determine the optimal input pa-
rameters for the reservoir. Traditional commercial simulators
require hours to complete the optimization task, while machine
learning techniques can complete the task in mere seconds. A
normal conventional simulator requires 7-8 min for each case,
hence needs hours to complete an optimization study, and re-
quires a large storage space (in GBs). On the other hand, the
designed models used for the optimization cases required 359,
470, and 556 s for the RSA, PSO, and GA, respectively, and signif-
icantly reduced storage space (mere MBs). To compare the
convergence of the three algorithms, RSA requires 15 iterations to
converge, whereas PSO and GA require 20 and 24 iterations to
converge, respectively, as shown in Fig. 19. Furthermore, details of
the PC environment used in this study are listed in Table 7. The
computational effort required for optimization is substantially
decreased by this methodology, making it a practical alternative
for conventional simulations, and can help engineers to conduct
optimization studies with ease.

4.6. Limitations and future work

This study provides a robust optimization framework for CO,-
WAG process, considering a representative model based on Bell
Creek Oilfield, providing a platform for testing and demonstrating
the proposed optimization workflow. However, a representative
model simplifies several aspects of a complete reservoir model,
which can be considered as limitations, such as heterogeneity,
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needs to be extended to capture the reservoir intricate details. To
incorporate mineralization trapping, minerals like anorthite,
calcite, and kaolinite were taken into account because other
minerals like quartz have slow kinetic reactions and require long
simulation time (>100 years) and computational power. Further-
more, for profitability, the study only considered oil revenues to
reflect the incremental oil recovery without considering other
important parameters such as operational expenditure (OPEX),
capital expenditure (CAPEX), discount rate, and carbon credits.

In future, this optimization framework can be extended based
on complex models, having complex heterogeneity, a large num-
ber of wells, and more operational constraints as given in Fig. 21.
The input parameters will be updated to diverse geological, pet-
rophysical, and operational parameters, which will enable the
proposed framework to capture more complex, uncertain, and
nonlinear interactions. For the economic side, a full techno-
economic analysis will be adopted to incorporate all the impor-
tant parameters for NPV calculations (OPEX, CAPEX, discount rate,
and carbon credit) that affect decision-making. In terms of CO;
emission reduction and complete analysis, it is necessary to
conduct a full life cycle analysis (LCA) to see the overall impact of
CO,-EOR operations. Furthermore, to strengthen the methodology,
future work will integrate RSA algorithms with other algorithms
and can also utilize multi-objective optimization algorithms
(Wang et al., 2023) (such algorithms perform better when having
conflicting objective functions), as given in Fig. 21. Considering all
these elements, future studies will further enhance the optimi-
zation workflow in complex reservoir models.
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5. Conclusions

This study introduced a machine-learning-driven workflow for
the coupled optimization of cumulative oil production and CO,
storage for CO,-WAG EOR project. A dataset of 700 samples was
generated by utilizing CMG-GEM, consisting of 9 input and two
output parameters, that served as an input for training MLP proxy
models for predictions. The proxy models were then coupled with
evolutionary and metaheuristic optimization algorithms such as
GA, PSO, and RSA to predict optimal operating strategies. The
proposed workflow gives an alternate approach to conventional
optimization techniques by reducing computational time while
maintaining accuracy.

The conclusions drawn are as follows:

1) Machine learning-driven MLP proxy models developed for CO,-
WAG projects exhibited precise and fast predictions of cumu-
lative oil production and CO, storage, providing engineers with
a better understanding of fluid dynamics, carbon-trapping
mechanisms, and reservoir behavior.

2) The newly developed MLP-GA, MLP-PSO, and MLP-RSA work-
flows demonstrated its capability to optimize cumulative oil
production and CO, storage for CO,-WAG projects in various
operational settings. This process exhibits excellent efficiency,
stability, and speed. Using these models allows engineers to
make wise operational decisions without resorting to extensive
numerical simulation.

3) In terms of performance, all three optimization models out-
performed the base model, particularly MLP-RSA. Optimizing
both cumulative oil production and CO, storage by 10.65% and
24.72% respectively, and increasing the oil revenue, followed by
MLP-PSO and MLP-GA.

4) By comparing the three algorithms, RSA optimization out-
performed both PSO and GA algorithms, resulting in 5.74% and
8.10% higher cumulative oil production and 9.33% and 19.10%
greater CO; storage. MLP-RSA, MLP-PSO, and MLP-GA demon-
strated exceptional computing efficiency compared with
traditional reservoir simulators, requiring minutes for optimi-
zation, thereby accelerating the optimization process.

Furthermore, the proposed methodology can also be employed
in other EOR techniques (chemical flooding), and fields encounter
similar optimization problems due to its flexibility. Therefore, the
development of this optimization workflow will provide addi-
tional insights into the resolution of multi-objective optimization
problems in various fields.
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