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a b s t r a c t

Massive carbon dioxide (CO2) emissions drive climate change. Injecting CO2 into unconventional res
ervoirs achieves both enhanced oil recovery (EOR) and geological sequestration. However, simulta
neously optimizing oil exchange ratio, CO2 storage, and net present value remains challenging. This 
study develops an integrated machine learning (ML)-based framework for multi-objective optimization 
of CO2-EOR. A high-resolution reservoir simulation was constructed from field data, and Latin hypercube 
sampling generated diverse scenarios for proxy training. Mantel's test quantified correlations between 
input parameters and performance metrics, showing that injection strategy strongly controls net pre
sent value, whereas geological properties dominate CO2 storage. Three ML models—random forest (RF), 
support vector regression, and artificial neural networks—were evaluated, with RF selected for its su
perior performance on small datasets. RF was embedded into an improved non-dominated sorting 
genetic algorithm II, enhanced with grey difference degree, crowding distance, and adaptive differential 
evolution to improve diversity and efficiency. Finally, the technique for order preference by similarity to 
ideal solution ranked Pareto-optimal solutions through integrating oil productivity, storage, and eco
nomics. The proposed framework operationalizes simultaneous high-efficiency  tight oil recovery and 
field-scale CO2 geological storage, delivering quantitative design rules that embed low-carbon practice 
into upstream operations and advance the energy sector's greener and sustainable transition.
© 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

In recent years, significant changes in the global climate system 
have been widely attributed to the increasing concentration of 
greenhouse gases, particularly the continuous accumulation of 
CO2 in the atmosphere. CO2 emissions not only contribute to global 
warming and the increased frequency of extreme weather events, 
but also exert profound impacts on the structure and functioning 

of ecosystems. Meanwhile, with the depletion of conventional 
hydrocarbon resources and the rising global energy demand, un
conventional reservoirs have emerged as critical contributors to 
energy security (Chen et al., 2022). Unlike conventional reservoirs, 
unconventional formations typically exhibit highly complex pore 
structures, ultra-low permeability, and rapid energy depletion 
(Syed et al., 2022; Zuloaga et al., 2017). The injection of CO2 into 
such reservoirs offers dual benefits: it enhances oil recovery (EOR) 
and facilitates long-term geological sequestration, aligning with 
carbon capture, utilization, and storage (CCUS) objectives 
(Farajzadeh et al., 2020; Zhao et al., 2025). However, the simulta
neous optimization of CO2 injection strategies to maximize oil 
recovery, storage capacity, and economic performance under 
complex geological constraints presents a significant  technical 
challenge. The conflicting  nature of these multiple objectives 
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further intensifies  the complexity of operational design. Conse
quently, there is an urgent need for a robust multi-objective de
cision-making framework that can effectively mediate among 
trade-offs and guide the development of optimized strategies for 
unconventional reservoir exploitation.

Traditionally, optimization of CO2-EOR projects in unconven
tional reservoirs relies on numerical simulation coupled with 
single-factor and multi-factor orthogonal experimental designs to 
assess CO2 storage efficiency  and hydrocarbon recovery (Chen 
et al., 2025b; Liu et al., 2021). These studies typically focus on 
the individual effects of operational parameters, while often 
overlooking the complex interdependencies and interactions 
among multiple variables, thereby increasing the risk of subopti
mal decision-making. In recent years, due to the conflicting nature 
of objective functions and the presence of complex constraints in 
similar engineering scenarios, machine learning (ML) and multi- 
objective optimization algorithms have been widely applied to 
parameter optimization and injection strategy design in oil and 
gas development. Recent advancements have seen the integration 
of proxy modeling techniques to replace computationally expen
sive reservoir simulations, enabling more efficient  and scalable 
exploration of optimal injection strategies under multi-variable 
conditions (Carpenter, 2022; Nguyen et al., 2024).

Wu et al. (2025) introduced a rapid optimization framework 
integrating multi-objective particle swarm (MOPSO), transformer, 
and long short-term memory network (LSTM) models to jointly 
optimize multi-level well scheduling and control consistency pa
rameters, effectively maximizing both net present value (NPV) and 
CO2 storage. Lu et al. (2025) incorporated numerical simulation with 
MOPSO and proposed a Pareto-based decision protocol to balance 
recovery and economic returns, particularly in optimizing surfactant 
injection strategies. Ding et al. (2024) utilized both single- and multi- 
objective PSO in combination with response surface methodology to 
enhance CO2 huff-n-puff efficiency and sequestration performance in 
tight reservoirs. Their findings  highlighted that each optimization 
mode and objective function necessitates tailored selection of domi
nant parameters. Amin and Mahdia (2014) pioneered the use of non- 
dominated sorting genetic algorithm II (NSGA-II) for the co- 
optimization of CO2 storage and oil recovery. Building on this, 
Zhuang et al. (2024) developed a hybrid AI framework combining 
LSTM and NSGA-II for well placement and control parameter opti
mization in waterflooding, targeting maximum cumulative produc
tion and minimum water cut. Subsequently, the same research group 
proposed a Transformer-NSGA-III workflow  to optimize both 
compositional and operational parameters in CO2 mixed-gas huff-n- 
puff, aiming to simultaneously maximize CO2 storage, recovery, and 
NPV (Zhuang et al., 2025). However, this work did not address 
demand-driven parameter selection, focusing solely on a predefined 
injection mode. These efforts demonstrate an increasing enthusiasm 
for ML-driven optimization in CO2-EOR applications. However, most 
existing studies focus on the pairwise optimization of CO2 storage, oil 
recovery, or NPV, while neglecting the integrated optimization of 
productivity, storage effectiveness, and profitability (Wen et al., 2025). 
Moreover, the expanding application of multi-objective optimization 
has exposed inherent inadequacies in traditional algorithms.

NSGA-II has demonstrated considerable effectiveness in multi- 
objective tasks such as CO2-EOR parameter tuning and energy 
scheduling, owing to its elitism, non-dominated sorting, and 
crowding distance strategies (Dong et al., 2022; Wang et al., 2021). 
However, as problem dimensionality and sample complexity in
crease, several limitations have emerged in practical applications. 
For instance, crowding distance fails to capture true local diversit 
(Du et al., 2024), non-dominated sorting becomes computationally 
expensive with dense fronts (Kong et al., 2025), and static genetic 
parameters hinder adaptability in dynamic spaces (Zhao et al., 2019). 

To overcome these drawbacks, recent studies have proposed various 
enhancements. Shi and Xiong (2024) introduced a customized two- 
stage decoding strategy to accelerate convergence based on different 
optimization stages, along with adaptive and local search mecha
nisms to balance exploration and exploitation. Aghbari and 
Gujarathi (2023) introduced a hybrid of NSGA-II and bi-objective 
genetic programming to improve diversity. Chen et al. (2023) pro
posed p-NSGA-II, integrating preference-based selection to align 
with decision-maker interests while preserving robustness. These 
developments point to an active research trend aimed at improving 
convergence, diversity, and scalability. Clearly, improving the effi
ciency and solution quality of NSGA-II remains a key research pri
ority in multi-objective optimization. This work contributes by 
refining NSGA-II to enhance its spatial exploration and ensure more 
uniform solution distribution, thereby better addressing the de
mands of complex engineering decision-making tasks.

Despite the availability of a well-structured and uniformly 
distributed Pareto front in multi-objective optimization, identifying a 
representative solution for practical deployment remains a key 
challenge. The inherent trade-off nature of Pareto sets precludes 
straightforward ranking, necessitating the application of robust 
multi-criteria decision-making techniques (Lin and Yeh, 2012). 
Among these, the technique for order preference by similarity to ideal 
solution (TOPSIS) stands out due to its conceptual clarity, computa
tional efficiency, and numerical robustness (Han et al., 2025). Unlike 
analytic hierarchy process (AHP) or VIKOR, TOPSIS exhibits enhanced 
sensitivity to data fluctuations in high-dimensional objective spaces, 
making it particularly well-suited for rapid decision support in engi
neering optimization contexts (Das and Behera, 2024; Lin et al., 2021). 
When coupled with entropy-based weighting, this method mitigates 
subjective bias and improves the discriminative power of solution 
ranking. The integrated TOPSIS–entropy framework has demon
strated strong applicability in reservoir development, enabling a 
balanced evaluation of productivity, CO2 storage potential, and eco
nomic viability (Chen et al., 2025a).

This study introduces an advanced ML-integrated workflow for 
the coordinated optimization of CO2-EOR injection strategies in 
unconventional reservoirs, targeting the simultaneous maximi
zation of oil exchange ratio (OER), CO2 storage capacity, and NPV. A 
numerical model was first  constructed using the geological, en
gineering, and field  data from a depleted reservoir block. This 
model enabled the generation of a comprehensive database by 
simulating CO2-EOR processes under various operational sce
narios. Based on this database, a high-fidelity  proxy model was 
developed, within which the improved NSGA-II (INSGA-II) algo
rithm was integrated to derive a smooth and accurate Pareto front. 
Subsequently, a comprehensive evaluation is performed using the 
TOPSIS method to rank the Pareto-optimal solutions, thereby 
facilitating efficient  and precise decision-making in multi- 
objective optimization. The main contributions of this work are 
as follow: (1) A novel multi-objective optimization framework is 
proposed that yields a more comprehensive set of solutions while 
integrating both subjective and objective weighting factors. This 
framework simultaneously coordinates productivity, CO2 storage, 
and economic performance, offering clear guidance for field-scale 
CO2-EOR scheme selection. (2) The classical NSGA-II algorithm is 
improved by replacing the crowding distance with a composite 
metric that combines grey difference degree and crowding dis
tance weighting. This effectively enhances the uniformity and 
distribution quality of the Pareto front. Moreover, a differential- 
based adaptive mechanism is implemented to dynamically 
adjust crossover and mutation probabilities, thereby reinforcing 
the algorithm's exploration capability and maintaining solution 
diversity. This integrated approach ensures not only the efficient 
and profitable use of CO2 but also accounts for its sequestration 
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potential, offering a robust methodological foundation for intelli
gent decision-making in CO2-EOR applications within unconven
tional reservoirs.

2. Reservoir description

The target block is the Ma18 fault block of the Triassic Baikou
quan Formation (T1b), located in the central part of Junggar Basin. 
Fig. 1 illustrates the numerical simulation model of the block. This 
study focuses exclusively on the T1b1 interval of the T1b, which is 
further subdivided into three intervals according to lithology: T1b1

1, 
T1b1

2, and T1b1
3, from top to bottom. The porosity of this fault block 

ranges from a minimum of 6.7% to a maximum of 8.7%, with an 
average porosity of 7.4%. The permeability varies between 0.07 and 
0.31 mD, with an average value of 0.19 mD. The surface crude oil 
density is 824 kg/m3, and the gas-oil ratio is 156 m3/m3. A total of 44 
vertical wells have been drilled in the study block, among which 14 
wells have been shut in. The recovery factor relying solely on natural 
energy is only 10.38%, with relatively low single-well productivity. 
Subsequently, two wells were selected for acid fracturing followed 
by water injection to improve recovery. However, due to poor pore 
structure and strong interlayer heterogeneity, water flooding 
resulted in low sweep efficiency  and unsatisfactory development 
performance. Given the poor performance of conventional water 
flooding, CO2 injection is considered not only to enhance recovery 
but also to facilitate CO2 sequestration. However, the effectiveness 
of CO2-EOR is influenced  by multiple factors, including reservoir 
properties and injection–production parameters. Therefore, opti
mizing operational parameters to balance injection and production 
efficiency is key to successful development.

3. Methodology

This study aims to establish an efficient  and robust multi- 
objective optimization framework for CO2-EOR in unconven
tional reservoirs, targeting the simultaneous maximization of OER, 
CO2 storage capacity, and NPV. The framework integrates the 
INSGA-II algorithm with the TOPSIS decision-making method. A 
numerical reservoir model was first  used to generate a 

foundational dataset for proxy model development. RF, SVR, and 
ANN models were trained, and the one with the best predictive 
performance was selected as the proxy model. A key innovation of 
this work is to propose an adaptive mechanism for dynamically 
adjusting crossover and mutation probabilities, coupled with a 
weighted scheme that integrates grey difference degree and 
crowding distance. This approach significantly  improves the 
exploration capability of the population and preserves solution 
diversity, yielding a well-distributed and accurate Pareto front. As 
a result, decision-makers are provided with a richer set of viable 
options and are better equipped to analyze the trade-offs and 
evolving relationships among multiple objectives, thereby 
enabling more robust and precise strategy formulation.

3.1. Mantel's test

Mantel's test, originally proposed by Mantel (1967), evaluates the 
relationship between different variables by analyzing the correlation 
between distance matrices. It primarily consists of two components: 
correlation analysis and significance  testing. In this study, the 
Pearson correlation analysis (Eq. (1)) is employed to quantify the 
degree of association among input variables. And a permutation test 
(Eq. (2)) is then used to assess the statistical significance, thereby 
exploring the influence of the output variable on the input variables. 

r=

∑
i < j

(
xij − x

)(
yij − y

)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

i < j

(
xij − x

)2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
i < j

(
yij − y

)2
√ (1) 

where x is the average of variable X, and y is the average of variable 
Y. 

p=
1 +

∑N
i=1I(|Ti| ≥ |Tobs|)

N + 1
(2) 

Tobs = f (X;Y) (3) 
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Fig. 1. The numerical simulation model of the target block in the study.
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where Ti is the statistic obtained by the i-th permutation, Tobs is the 
average difference or Pearson correlation coefficient of variable X 
and Y, and N is the number of permutations.

3.2. Proxy model algorithm

Due to the limited size of the dataset, complex neural network 
models were not suitable for constructing the proxy model. 
Instead, RF, SVR, and ANN algorithms were employed to develop 
regression models, and the model with the best predictive per
formance was selected as the proxy model. To achieve optimal 
performance for each model, K-fold cross-validation coupled with 
GS was used to acquire the best hyperparameters (Kohavi, 1995). 
The overall ratio between the training data and the test data was 
8:2. Considering the size of the dataset, the training data was 
further evenly divided into five subsets, as depicted in Fig. 2. In 
each iteration, four subsets were used for training and the 
remaining one for testing. The average error across the five itera
tions was taken as the final  evaluation metric for the model. 
Compared to a train-test split, K-fold cross-validation reduces the 
bias caused by randomness, improves data utilization, and en
hances the reliability of the prediction results.

RF is an ensemble learning model based on the bagging prin
ciple (Breiman, 1996). It constructs multiple decision trees and 
averages their predictions to achieve accurate final results. A de
cision tree is a top-down, tree-structured classifier  that splits 
nodes into two child nodes based on specific splitting criteria and 
thresholds, continuing recursively until the input data are fully 
partitioned into distinct classes or regression intervals (Wen et al., 
2023). Each tree is trained using bootstrap sampling to generate 
multiple training and test sets, where data are randomly selected 
with replacement. In each iteration, the data not included in the 
sample serve as out-of-bag data, which are used to evaluate the 
model's prediction performance. By randomly selecting subsets of 
input variables during the training process, RF promotes diversity 
among individual trees, enhances the model's generalization 
capability, and effectively prevents overfitting. As a result, RF has 
been widely applied to various classification and regression tasks.

SVR, proposed by Vapnik et al. (1996), is an extension of support 
vector machines (SVM) designed for nonlinear regression problems. 
The goal of SVR is to construct a regression function f(x), similar to 
Eq. (4), by introducing an ε-insensitive loss function such that the 
prediction error for most training samples does not exceed a pre
defined  margin. To handle nonlinear relationships, SVR employs 

kernel functions to map input data into a high-dimensional feature 
space. Commonly used kernels include the linear kernel, poly
nomial kernel, radial basis function (RBF) kernel, and sigmoid 
kernel. With the help of kernel methods, SVR can build accurate and 
efficient predictive models even with small datasets. 

f (x) = ωTφ(x) + b (4) 

where f(x) is the regression function, φ(x) is a kernel function, ω is 
the weight vector, and b is the bias vector.

ANN is a nonlinear model inspired by the information trans
mission and activation mechanisms of biological neurons. ANN is 
capable of modeling complex input–output relationships based on 
multilayer structures. The basic architecture of an ANN consists of 
three components: an input layer, one or more hidden layers, and 
an output layer (Kalil et al., 2024). These layers are fully connected 
to enable effective information transfer and feature extraction. 
ANN computes output values through forward propagation and 
updates weights via backpropagation of errors, allowing the model 
to adaptively learn high-order nonlinear relationships between 
inputs and outputs (David et al., 1986).

3.3. Multi-objective optimization process

3.3.1. NSGA-II
NSGA-II is an evolutionary algorithm for multi-objective opti

mization, proposed by Deb et al. (2002) as an enhancement of 
conventional GA. The core procedures of NSGA-II, including 
encoding, selection, crossover, and mutation, are similar to those 
of a GA. However, to ensure both convergence and diversity in 
multi-objective optimization, NSGA-II incorporates three key 
mechanisms: crowding distance, non-dominated sorting, and 
elitism strategy. The crowding distance, as defined  in Eq. (5), 
represents the distance between a given individual and its 
neighboring individuals in the objective space. Fig. 3(a) illustrates 
how the crowding distance quantifies the distribution density of 
individuals on the Pareto front. In practical applications, in
dividuals with larger crowding distances are preferred in order to 
maintain the diversity of the solution set. 

CDi =
∑M

m=1

fm(i + 1) − fm(i − 1)
f max
m − f min

m
(5) 

Assume that there are n individuals on a given Pareto front, and 
each individual is associated with M objective values: f1(x);f2(x);:::;
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Finding hyper-parameters
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1
5∑

5

i=1

Fig. 2. K-fold partition diagram (K = 5).
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fM(x). In this study, M = 3. Where CDi is the total crowding distance 
of individual i, fm(i+1) and fm(i − 1) represent the objective func
tion values of the two neighboring individuals adjacent to indi
vidual i in the m-th objective, f max

m and f min
m denote the maximum 

and minimum values of objective function fm on the Pareto front, 
respectively.

The dominance relation is a criterion used in multi-objective 
optimization to compare the performance of two solutions. In 
the case of a bi-objective minimization problem, Fig. 3(a) exhibits 
that solution A dominates solution B because A performs better 
than B in objective f1(x). However, between A and C, A performs 
better in f1(x) while C performs better in f2(x), indicating a non- 
dominated relationship between them. Based on such compari
sons, non-dominated sorting is employed to classify the popula
tion into multiple Pareto fronts, reflecting the quality ranking of 
individuals across all objectives. As shown in Fig. 3(b), individuals 
in front 1 are not dominated by any other solutions and thus 
represent the best front. The elitist strategy merges the parent and 
offspring populations, and selects the next generation based on 
non-dominated sorting and crowding distance. This approach 
helps preserve high-quality solutions and improves the algo



where P denotes a set of uniformly distributed solutions on the 
true Pareto front, f max

m and f min
m represent the maximum and 

minimum values of the m-th objective in P, respectively. pi ∈ P;i =

1;2;3; :::; |P|, aj ∈ A; j = 1;2;3; :::; |A|, m = 1;2;3; :::;M, and M is the 
number of objectives.

Fig. 4 illustrates the multi-objective optimization results for the 
DTLZ1 and DTLZ5 test functions using NSGA-II and INSGA-II, 
respectively. As displayed in Fig. 4(a) and (c), the solutions ob
tained using the traditional NSGA-II tend to cluster in specific re
gions, leading to an uneven distribution. This phenomenon 
indicates that when dealing with complex multi-objective prob
lems, NSGA-II may lack the ability to explore the entire search 
space uniformly, thereby compromising the comprehensiveness 
and diversity of the optimization results. In contrast, the solutions 
generated by INSGA-II are more uniformly and continuously 
distributed across the Pareto front, as showed in Fig. 4(b) and (d), 
demonstrating a more complete and balanced set of alternatives.

IGD serves as a direct and quantitative measure of the 
convergence process. To enable a consistent performance com
parison, the maximum number of iterations for each test function 
was set to 600. As illustrated in Fig. 5, while both NSGA and INSGA 
exhibit a declining trend in IGD values over successive iterations, 
INSGA achieves a more rapid reduction and stabilizes earlier. This 
indicates that the proposed improvements contribute significantly 
to enhancing the convergence rate and maintaining solution di
versity throughout the optimization process.

3.4. TOPSIS

TOPSIS is a classical multi-attribute decision-making method 
(Hwang et al., 1993). Its core idea is to evaluate each alternative 
based on its relative closeness to the positive ideal solution (PIS) 
and negative ideal solution (NIS). The PIS represents the optimal 
combination of attribute values, while the NIS corresponds to the 
worst-case combination. The TOPSIS procedure consists of several 

steps: normalization of the decision matrix, construction of the 
weighted normalized matrix, determination of the PIS and NIS, 
calculation of the Euclidean distances from each alternative to the 
ideal and anti-ideal solutions, and finally, evaluation of the relative 
closeness to the ideal solution (Huang et al., 2023).

Assuming there are m alternatives and n evaluation criteria, the 
initial decision matrix is constructed as shown in Eq. (9), followed 
by vector normalization (Eq. (10)). After assigning a weight wj to 
each criterion, the weighted normalized matrix vij = wj⋅rij is 
derived. The PIS and NIS are then identified  (Eq. (11)), and the 
distances to these ideal points are calculated using Euclidean 
metrics (Eq. (12)). The relative closeness values are computed 
accordingly (Eq. (13)) to enable ranking of the alternatives. 

X=

⎡

⎢
⎢
⎣

x11 x12 … x1n
x21 x22 … x2n
⋮ ⋮ ⋱ ⋮

xm1 xm2 ⋯ xmn

⎤

⎥
⎥
⎦ (9) 

rij =
xij
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑m

i=1x2
ij

√ (10) 

⎧
⎪⎨

⎪⎩

V+ =
{

v+1 ; v
+
2 ; :::; v

+
n
}
=

{

v+j = max
i

{
vij

}
|i = 1;2; :::;m

}

V− =
{

v−1 ; v
−
2 ; :::; v

−
n
}
=

{

v−j = min
i

{
vij

}
|i = 1;2; :::;m

}

(11) 

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

S+i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1

(
vij − v+j

)2
√
√
√
√

S−i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1

(
vij − v−j

)2
√
√
√
√

(12) 

Table 1 
The pseudocode of INSGA-II.

Algorithm: INSGA-II

Input: m, n
1: P = Φ, i = 1
2: P=Randominitiate (P)/*Initialize population*/
3: While ¬τ do/*Termination condition check*/
4: Q = MatingSlection (P);/*Mating selection*/
5: Q = AdapitiveVariation (Q);/*Adaptive cross-mutation*/
6: R=PUQ;/*Combine parent and offspring populations*/
7: Compute function value (R);/*Compute the function value of each individual*/
8: (F1,F2, …,Fl) = nondominatedsort (R)/*Stratify all individuals*/
9: While |P|+Fj ≤ n do/*Compute the GRD of each individual*/

Compute grey relation degree (Fi);
P = P + Fj and i = i+1;
Compute grey dissimilarity score (Di);

10: End while
11: While |P|+Fj ≤ n do/*Compute the crowding distance of each individual*/

Compute crowding distance (CDi);
P = P + CDj and i = i+1;

12: End while
13: Compute combined distance (Ci);/*Fuse crowding and dissimilarity scores*/
14: The last front to be include: Fl = Ci;
15: If |P| = n then

Return P;
16: Else Compute combined distance (Cl);/*Compute the combined distance of the last layer*/

The number of points to be chosen from Fl: k = n− |P|;/*Determine the number of individuals in the last front*/
Choose k members one at a time from Fl to construct P;

17: End if
18: End while
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Ci =
S−i

S+i + S−i
(13) 

where X is the initial decision matrix, rij denotes the normalized 
attribute values, V+ and V − represent the PIS and NIS, respectively. 
S+i is the distance from a given alternative to the PIS, S−i is the 
distance to the NIS, and C

denotp[APIS R]WTGpflTpjWMWM(I.jWcmp.MWMWjWMWMWTmp[Aalr[AOUMInatiR]WTGpjWMWMWjWUFqHWTG(.)Tmp[ANIS, R]WTGpflTpjWMW((I.j.pE@MWjIR]WTGpjWMWM(odtto teM[AOWMWMWjWjFqUHHW6MFMMMMMMMMMMMWgp;TpjWTWMWMWjWMWMWTmp[Ainr[Aient R]WTGpflTpjWMWUWjWjFIUAvR]WTGpjWMWMMWjWMW.MWTmp[A�pjWMWMWjWMWMWTmpIA(13)ct R]PMjR]ej(HpflTpjWIMMUvR]WTGpjWMWMWjWjFU)AwR]WR]ej(HIUnt 



4. The proposed framework

The proposed framework consists of five  main steps: data 
acquisition and preprocessing, correlation analysis, proxy model 
construction, multi-objective optimization, and comprehensive 
assessment. The workflow  of the proposed methodology is pre
sented in Fig. 6.

Step 1. Data acquisition and preprocessing. The numerical 
simulation model was constructed based on the field development 
data of the Ma18 fault block under depletion conditions. LHS was 
employed to generate 200 experimental designs based on the 
operational parameters summarized in Table 2. These designs 
comprise both continuous CO2 injection and WAG injection 
modes. Subsequently, the 200 generated scenarios were compiled 
to form the foundational dataset for constructing the proxy model.

Step 2. Correlation analysis. Prior to proxy model development, 
the Mantel's test was employed to assess the correlation between 
input and output variables. This approach computes the in
terrelationships among input features using Pearson correlation 
coefficients  and determines the statistical significance  of 
input–output dependencies through permutation-based signifi
cance testing. By uncovering the global response structure among 
variables, this method facilitates the elimination of redundant 

features, supports informed variable selection, and enhances 



Step 5. Comprehensive assessment. A comprehensive assess
ment of the Pareto-optimal solutions was conducted using the 
TOPSIS method, with an integrated weighting scheme derived 
from the combination of entropy-based objective weights and 
expert-assigned subjective weights. The entropy weighting 
approach utilizes information entropy to quantify the variability 
and informational contribution of each criterion, ensuring that 
indicators with greater discrimination receive higher weights. The 
inclusion of subjective weights enables the incorporation of 
domain-specific preferences during decision-making. This hybrid 
weighting strategy enhances the credibility, interpretability, and 
robustness of the multi-criteria evaluation process.

5. Case study

5.1. Data acquisition and preprocessing

The study focuses on the Ma18 fault block of the T1b, targeting 
the T1b1 subunit within the T1b member. A reservoir simulation 

model was developed using available field  data, comprising 23 
stratified layers in total: layers 1 to 7 correspond to T1b1

1, layers 8 to 
15 to T1b1

2, and layers 16 to 23 to T1b1
3. A total of 44 vertical wells 

have been drilled in the block, with 14 wells shut in following 
depletion due to insufficient economic performance. Based on the 
current well pattern, a reverse nine-spot configuration was pro
posed for CO2-EOR, with injection modes including continuous 
injection (COI) and WAG. The final well configuration consists of 8 
injection wells and 36 production wells.

A total of 200 injection scenarios were generated using LHS 
within the operational parameter ranges specified  in Table 2. 
These scenarios were implemented in the numerical model with a 
simulation period of 20 years. To enable direct comparison of 
different CO2 injection strategies, one injection cycle was stan
dardized to one year. For WAG, the combined duration of CO2 and 
water injection within a cycle was constrained to one year. In 
contrast, under COI, CO2 was injected for the full year, with no 
water injection involved.

This study aims to simultaneously maximize three key objec
tives: OER, CO2 storage capacity, and NPV. The economic analysis 
accounts for several factors, including but not limited to CO2 
pricing, water costs, capital expenditure (CAPEX), and the inflation 
rate. NPV, as the principal economic evaluation metric, is calcu
lated according to Eq. (19) (Morgan et al., 2023; Wang et al., 2021), 
with variable definitions and values provided in Table 3. Given that 
the CO2-EOR operation is conducted using the existing well 
infrastructure, CAPEX is excluded from the economic assessment. 

Data preparation

Multi-objective optimization

Comprehensive assessment

Gas injection CO2

MMP 33.6 MPa

Number of wells 44

Simulated time 20 years
Oil saturation

Dataset

Result 1 Result 2 Result n
Majority voting/average

…
Proxy model construct

Correlation analysis

Mantel’s p

Mantel’s r

Pearson’s p

NPV
CO2 storage

Oil exchange
ratio

Pt

Qt

F1

F2

F3

Rt

Pt-1

Rejected

Oil exchange
ratio

CO2 storageNPV

Fig. 6. The workflow of the proposed work.

Table 2 
The variation ranges of operational parameters.

Features Injection mode GIR, t/d ROP IPR GIT, m WIT, m

Value range 30–70 GIR × IPR 0.7–1.4 12 0
COI 8 4
WAG 6 6

4 8
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NPV=
∑T

n=1

Cn(x)
(1 + r)n − CAPEX (19) 

Cn(x)= qoro − qw;injrw − qw;prorw;pro − qCO2;injrCO2

− qCO2;injrCO2;p − qCO2;prorCO2;pro (20) 

This study considered two injection modes: COI and WAG. To 
facilitate their inclusion in the proxy model training, categorical 
encoding was performed using the one-hot encoding (Rodriguez 
et al., 2018). This technique maps categorical variables into bi
nary vectors, where each vector has a value of 1 at the position 
corresponding to the category and 0 elsewhere, thereby preserving 
the categorical nature without introducing ordinal bias. Accord
ingly, COI was encoded as (1, 0), and WAG as (0, 1). The feature 
parameters after preprocessing is presented in Fig. 7. Before 
building the proxy model, Z-score standardization was applied to 
all variables to remove the effects of differing.

5.2. Mantel's test analysis

To quantitatively explore the structural influence  of CO2 in
jection operational parameters on OER, CO2 storage capacity, and 
NPV, the Mantel's test was applied to evaluate the pairwise asso
ciations between variable matrices. Fig. 8 illustrates the outcomes 
of the Mantel's test in two components. The lower-left triangle 
shows a heatmap of Pearson correlation coefficients  among the 
operational parameters. The color gradient indicates correlation 
strength and direction, with blue indicating positive correlation 
and red negative. Darker shades (or larger heatmap blocks) 
correspond to stronger correlations.

The upper-right triangle visualizes the correlations between 
each operational variable and the three optimization objectives. 
The color of the connecting lines indicates the level of statistical 
significance: orange lines represent statistically significant corre
lations (P < 0.01), while green lines represent non-significant as
sociations (P ≥ 0.05). Line thickness corresponds to the magnitude 
of the Pearson correlation coefficient, with thicker lines indicating 
stronger relationships. This visual encoding of both statistical 
significance  and correlation strength facilitates intuitive inter
pretation of how operational parameters impact optimization 
performance.

The analysis demonstrates that NPV exhibits the highest 
sensitivity to changes in CO2 injection operational parameters. 
Significant positive correlations were observed between NPV and 
variables such as injection mode, effective water injection volume 
(WIV), WIT and GIT, indicating that injection-related costs serve as 

the primary economic drivers. Conversely, the relationship be
tween CO2 injection parameters and CO2 storage capacity was 
found to be weak yet statistically significant,  suggesting that 
operational design exerts only a secondary influence  on CO2 
storage performance. This observation aligns with prior research 
(Dai et al., 2014; Yue et al., 2022), which emphasizes that although 
operational optimization can enhance CO2-EOR outcomes, funda
mental reservoir characteristics—such as porosity, permeability, 
and depth—remain the dominant factors controlling CO2 storage 
capacity. Overall, the results of the Mantel's test confirm the sta
tistical relevance of operational parameters in explaining vari
ability across all three optimization objectives. Furthermore, the 
integrity and consistency of the dataset support its suitability for 
use in proxy model construction.

5.3. Proxy model performance evaluation

The predictive performance of the RF, SVR, and ANN models 
was evaluated, and the model demonstrating the highest predic
tive accuracy was selected as the proxy model. A combination of 5- 
fold cross-validation and GS was applied to systematically deter
mine the optimal hyperparameters for each model. The candidate 
hyperparameter ranges are presented in Table 4. For the RF model, 
the key hyperparameters included the number of trees (to balance 
prediction accuracy and model stability), tree depth (to mitigate 
overfitting or underfitting), and the random seed (to control sto
chastic effects and ensure reproducibility). In the SVR model, the 
regularization parameter (C) is a positive constant that governs the 
trade-off between model complexity and training error. For the 
ANN model, hyperparameter tuning focused on the number of 
hidden layers (Nhidden layers), the number of neurons per layer 
(Nneurons), and the activation function. The final  optimal hyper
parameter settings are shown in Table 5. During 5-fold cross- 
validation, each dataset was partitioned into training and test 
subsets at a 4:1 ratio.

Fig. 9 illustrates the cross-validation performance of the RF, 
SVR, and ANN models under their respective optimal hyper
parameter configurations. In each plot, the proximity of the data 
points to the reference line with a slope of 1 signifies the degree of 
agreement between predicted and simulated values. The shaded 
regions represent the 95% confidence  intervals, indicating the 
range within which the true mean value is expected to fall with 
95% probability. These intervals serve as a measure of the model's 
reliability in estimating the mean response; a narrower interval 
generally corresponds to higher predictive confidence. Among the 
three models, the RF model (Fig. 9(a–c)) demonstrates the best 
overall performance, as evidenced by the close alignment of its 
confidence interval with the reference line. In contrast, regardless 
of the model used, predictions of CO2 storage capacity show the 
weakest performance. This result aligns with the findings of the 
Mantel test, which indicated the lowest correlation and consis
tency between CO2 storage and the input operational parameters.

To quantitatively assess model performance across the three 
optimization objectives, Fig. 10 illustrates the average relative er
rors for the RF, SVR, and ANN models. The RF model achieved 
training errors of 0.44% for OER, 2.86% for CO2 storage capacity, and 
0.28% for NPV. The corresponding test errors were 0.69%, 5.21%, 
and 0.36%, respectively. As detailed in Table 6, the RF model 
consistently outperforms the SVR and ANN models across all tar
gets. This superior predictive capability is likely due to the 
“bootstrap sampling” strategy, which randomly samples both 
training instances and features. Such an approach mitigates 
overreliance on individual data points, thereby enhancing gener
alizability and robustness, particularly when dealing with limited 

Table 3 
Summary of economic parameters.

Terms Definition Value used

ro Oil price 65 $/bbl
rw Cost of water injection 1.03 $/stb
rw;pro Water treatment/recycling 0.64 $/stb
rCO2

Cost of CO2 injection 0.85 $/MSCF
rCO2 ;p Cost of purchased CO2 1.72 $/MSCF
rCO2 ;pro CO2 treatment/recycling 2 $/MSCF
qo Oil production at n-th year /
qw;inj Injected water at n-th year /
qw;pro Produced water at n-th year /
qCO2 ;inj Injected CO2 at n-th year /
qCO2 ;pro Produced CO2 at n-th year /
n Year index /
r Rate of inflation 5%
CAPEX Capital expenditure 0
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datasets. Based on these findings, the RF model was adopted as the 
proxy model for subsequent optimization tasks.

5.4. Multi-objective optimization analysis

The proxy model was integrated into the INSGA-II framework 
to identify optimal injection strategies within the operational 

bounds defined in Table 2. For each candidate solution, the proxy 
model predicted the corresponding OER, CO2 storage capacity, and 
NPV. These outputs were subjected to non-dominated sorting to 
construct the optimal Pareto front, which was subsequently 
compared to that generated by the standard NSGA-II algorithm. 
Fig. 11 illustrates the result of the optimal Pareto front, where 
circles highlight non-dominated solutions discovered by INSGA-II 
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but missed by the conventional NSGA-II. These solutions demon
strate superior performance, particularly in terms of NPV and OER, 
thereby significantly  improving the overall diversity of the solu
tion set. Moreover, the solutions obtained by INSGA-II are more 

evenly distributed, effectively eliminating the clustering effect 
observed in the standard NSGA-II outcomes. Although the INSGA- 
II algorithm introduces significant  improvements over NSGA-II, 
the runtime of NSGA-II was 4 min 50 s, while that of INSGA-II 

Table 4 
The range of hyperparameters of RF, SVR, and ANN model.

Model RF SVR ANN

Hyperparameters range The number of trees: Kernel function: Nhidden layers: {1,2,3},
{50, 100, 200, 300}, the sigmoid, Nneurons: {10,20,..,80},
maximum depth: {10,11, …,30}, random polynomial, RBF, activation function: sigmoid, ReLU, tanh
state: {1,2, …100} C: {0.1, 0.5, 1, 2, 3, 4}

Table 5 
The optimal hyperparameters of RF, SVR, ANN model.

Model RF SVR ANN

The optimal hyperparameters Nhidden layers: 2,
The number of trees: 200, Kernel function: Nneurons 1: 40,
the maximum depth: 24, Sigmoid, Nneurons 2: 50,
random state: 45 C: 3 activation function: ReLU
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was 5 min 20 s, with a difference of only 30 s. The computations 
were performed on a system equipped with Windows 10, an 
Intel(R) Core(TM) i3-6100 CPU, and an NVIDIA GeForce GT 1030 
GPU. These results indicate that the proposed method has a sub
stantially lower computational cost compared with traditional 
numerical simulation methods, demonstrating its strong potential 
for broad practical application.

To facilitate a visual assessment of solution distributions, Fig. 12
presents multi-angle projections of the Pareto fronts derived from 
both NSGA-II and INSGA-II. Compared to the NSGA-II, INSGA-II 
yields a more uniform spread of solutions and uncovers additional 
high-quality non-dominated solutions, particularly in the NPV 
dimension. Moreover, the improved algorithm effectively filters 
out suboptimal dominated solutions, reducing the risk of 

convergence to local optima. Across both benchmark test func
tions (Fig. 4) and field-scale  optimization problems, INSGA-II 
consistently enhances the exploration of the objective space. The 
resulting Pareto fronts exhibit superior uniformity and continuity, 
leading to more comprehensive and diverse solution sets.

5.5. Comprehensive assessment analysis

Traditional multi-objective optimization techniques often 
employ a weighted-sum strategy to convert multiple objectives 
into a single scalar objective. While straightforward, this method 
rigidly adheres to predefined  preferences, potentially excluding 
alternative solutions aligned with other trade-offs. Furthermore, it 
yields only a singular outcome, thus obscuring the structural di
versity and interpretability of potential options. To address these 
limitations, this study retains the full set of non-dominated solu
tions along the Pareto front and applies a structurally informed 
ranking using the TOPSIS method with composite weighting. This 
allows for more nuanced exploration of objective trade-offs and 
aligns with diverse decision-making preferences.

The entropy-derived weights quantitatively capture the vari
ability of each indicator based on the degree of information en
tropy. Fig. 12 illustrates the box plots of the three optimization 
objectives, revealing their inherent discriminability characteris
tics. A larger IQR indicates a higher degree of data dispersion, 
which corresponds to a higher assigned weight. The calculated IQR 
values are 0.0293 for NPV, 0.0455 for OER, and 0.0412 for CO2 
storage. Results show that the OER exhibits the highest entropy- 
based weight, followed by CO2 storage, while NPV has the 
lowest. This weighting mechanism prioritizes indicators with high 
variability and strong discriminative power, thereby enhancing the 
objectivity and sensitivity of the overall evaluation. Furthermore, 
the final composite weight wj is obtained by integrating entropy- 
based weights wje with decision-maker-defined  subjective 
weights wjs, thus offering a synergistic weighting strategy that 
reflects both data-driven insights and expert judgment. This dual- 
weighting approach increases the robustness, adaptability, and 
explanatory value of the multi-criteria decision-making process.

Table 7 summarizes the operational parameters of the selected 
schemes under various scenarios, along with the assigned sub
jective preference profiles.  In Case 1, the multi-objective optimi
zation problem is reduced to a single-objective formulation via 
equal-ratio weighting, followed by the selection of the solution 
maximizing that objective. In contrast, Cases 2, 3, and 4 leverage 
the TOPSIS method to prioritize NPV, OER, and CO2 storage ca
pacity, respectively. Under these scenarios, the subjective weight 
for the target objective is increased to 1.3, while the other two 
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Table 6 
The relative error of different models.

Model Data type OER CO2 storage NPV

RF Training 0.44% 2.86% 0.28%
Test 0.69% 5.21% 0.36%

SVR Training 1.80% 34.95% 0.8%
Test 1.85% 9.72% 1.31%

ANN Training 0.78% 3.87% 0.61%
Test 1.07% 16.35% 0.98%
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remain at 1.0. Fig. 13 presents the performance of the three in
dicators across various scenarios, where bar heights denote proxy 
model predictions and error bars reflect CMG simulation results. It 
can be observed that the predicted results closely match the 
simulated ones, indicating that the proposed optimization 
framework exhibits a certain degree of robustness and applica
bility. As summarized in Table 8, although the numerical differ
ences among competing solutions are relatively minor, the 
TOPSIS-based ranking demonstrates substantial decision-making 
value, particularly in resolving close-call trade-offs.

By incorporating engineering constraints and stakeholder 
preferences, the method facilitates the recommendation of 
context-appropriate optimal schemes. Given that the Pareto- 
optimal solutions obtained from INSGA-II inherently reflect well- 
balanced trade-offs, the overall solution set exhibits a degree of 

“equifinality”.  From a decision science perspective, the ranked 
outcomes underline the robustness and interchangeability of the 
top-performing solutions. Even with minor perturbations in spe
cific criteria, the performance gaps between the optimal and near- 
optimal alternatives remain marginal, thereby enhancing the 
adaptability and resilience of implementation strategies. This 
highlights the practical utility of the proposed framework in 
supporting robust and flexible engineering decisions.

6. Conclusions

This study proposes an integrated and innovative framework to 
tackle the inherent complexity of dynamic modeling and multi- 
objective optimization in CO2-EOR operations. By coupling high- 
fidelity numerical simulations with advanced ML algorithms, the 
framework elucidates the underlying interactions between injec
tion parameters and performance metrics. An accurate and robust 
multi-objective proxy model was developed using synthetic 
datasets derived from field-calibrated simulations. Subsequently, 
the hybrid 



(3) The integration of the proxy model with the INSGA-II algo
rithm allowed for efficient  surrogate-assisted multi-objec
tive optimization. The INSGA-II framework introduces a 
novel combination of grey difference degree and crowding 
distance, coupled with a differential evolution-inspired 
adaptive mechanism for tuning crossover and mutation 
rates. This significantly  improves search diversity and so
lution quality across the Pareto front.

(4) To facilitate practical decision-making, TOPSIS was 
employed with a hybrid weighting strategy incorporating 
both entropy-based objective weights and expert-defined 
subjective preferences. This dual-weighting mechanism 
enables the identification of optimal trade-off solutions that 
balance maximum NPV with acceptable oil recovery and 
CO2 storage performance, thereby providing a technically 
and economically viable roadmap for CO2-EOR in uncon
ventional reservoirs.
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Appendix

The DTLZ test functions are widely used to evaluate and 
compare the performance of multi-objective evolutionary algo
rithms. They can simulate various Pareto front structures and 
assess the algorithms’ convergence, diversity, and robustness. The 
DTLZ1 and DTLZ5 functions are defined  by Eqs. (A.1) and (A.2), 
respectively. 

where k denotes the number of redundant variables that define the 
complexity of g(x), while x1 and x2 are the decision variables that 
control the shape of the Pareto front.
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