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ABSTRACT

The oil and gas industry increasingly employs advanced engineering solutions to optimize enhanced oil
recovery (EOR). A systematic and effective screening process, supported by multi-criteria decision-
making (MCDM) techniques, is essential for selecting appropriate reservoirs and EOR strategies toward
production optimization. This study introduces a screening framework designed to identify the most
suitable EOR alternative. The proposed approach integrates a coupled objective-subjective weighting
method to assign criteria weights, followed by a refined, data-driven, non-linear scoring procedure and
an improved approach for prioritizing EOR alternatives. A distance-based scoring method is developed
to evaluate alternatives against a desired screening interval, utilizing the full consistency method
(FUCOM) and simultaneous evaluation of criteria and alternatives (SECA) model for weighting criteria
and subsequently integrating them into a unified assessment. The ranking of alternatives is performed
using a modified version of the approach introduced by Dickson et al. (2010). The applicability of the
proposed framework is demonstrated through two CO,-EOR case studies, while its reliability is assessed
through technique for order preference by similarity to ideal solution (TOPSIS) and VlseKriterijumska
Optimizacija I Kompromisno Resenje (VIKOR). The Spearman's rank correlation coefficient for three
ranking methods was over 0.982 for Iran's CO,-EOR screening case and above 0.943 for Canada's,
showing the robustness and consistency of the ranking results. The findings confirm the effectiveness of
the developed hybrid decision-support framework in optimizing EOR strategy selection, thereby
contributing to more efficient hydrocarbon recovery in line with carbon capture and storage objectives.
© 2026 Southwest Petroleum University. 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

levels. Separately, the earth's vast geological storage capacity,
estimated at 8,000 to 55,000 Gt, is considered sufficient to hold

The oil and gas industry is actively seeking supplemental
techniques to maximize oil recovery from existing fields to meet
rising global energy demands. Primary oil recovery typically yields
only 18%-20% of the original oil in place. Enhanced Oil Recovery
(EOR) methods aim to achieve a recovery factor of 30%-60% by
employing advanced techniques such as injecting gases, chem-
icals, steam, etc., to mobilize remaining oil reserves [1].

The International Energy Agency (IEA) reports that energy-
related CO, emissions rose to a record 37.8 Gt in 2024, driving
atmospheric concentrations to roughly 50% above pre-industrial
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current annual emissions for centuries [2]. EOR serves as a major
carbon dioxide utilization pathway, accounting for an estimated
80 million metric tons of CO, used per year, according to market
review data [3]. For instance, the Weyburn Field (Canada) is one of
the earliest and largest Carbon Dioxide-Enhanced Oil Recovery
(CO,-EOR) projects, employing water-alternating-CO, injection
and monitoring to achieve a 20% increase in oil recovery while
storing 20 million tons of CO; [4].

CO,-EOR is an established technique used to improve oil
extraction by injecting CO; into reservoirs, which swells crude oil,
reduces viscosity, lowers interfacial tension, and increases pres-
sure [5,6]. This technique has been widely used since the 1980s,
with its origins going back to the 1960s [7]. While the primary goal
is oil recovery, a secondary benefit is CO, storage. Fortunately,
some injected CO, can be trapped and stored permanently,
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Abbreviations

AHP Analytic hierarchy process

Al Artificial intelligence

CCUS Carbon capture, utilization, and storage
CRITIC  Criteria importance through intercriteria

correlation
DEMATEL Decision-making trial and evaluation laboratory

DFC Deviation from full consistency
EOR Enhanced oil recovery

F-AHP Fuzzy analytic hierarchy process
FCE Fuzzy comprehensive evaluation
FUCOM  Full consistency method

GRA Gray relational analysis

IEA International energy agency

MADM  Multi-attribute decision-making

MCDM  Multi-criteria decision-making

MMP Minimum miscibility pressure

PP Proven and probable

SECA Simultaneous evaluation of criteria and alternatives

TOPSIS  Technique for order preference by similarity to ideal
solution

VIKOR  VlseKriterijumska optimizacija I Kompromisno
Resenje

contributing to the net-zero goals. In this context, CO,-EOR is a
pivotal element of carbon capture, utilization, and storage (CCUS)
technologies, offering a dual solution that addresses energy pro-
duction and environmental sustainability by reducing the atmo-
spheric concentration of CO, [8-10]. The strategic deployment of
CCUS is indispensable for achieving the Paris Agreement's goal of
limiting global warming to 1.5-2 °C [11]. In this regard, proper
reservoir ranking is essential for the success of CO, injection and
storage projects.

Operators can optimize oil recovery rates and minimize oper-
ational costs by carefully selecting both the right reservoir and the
right EOR technique. Screening is a key step for the successful
implementation of EOR projects to identify suitable reservoirs for
the specific process or select the most effective EOR technique for a
reservoir.

Artificial intelligence (AI) methods, such as machine learning
algorithms, can analyze large datasets and identify complex pat-
terns that may be difficult for humans to detect. These methods are
especially useful when dealing with extensive data and when
there is a need for predictive modeling or optimization of
enhanced oil recovery techniques. Al applications in the geo-
energy area are generally divided into two categories: traditional
technologies including reservoir management, production, and
drilling, and emerging technologies such as geological CO, storage,
gas hydrates, and underground hydrogen storage. Importantly,
CO,-EOR overlaps these categories, combining enhanced recovery
with CO, storage [12]. Cheraghi et al. (2021) applied machine
learning techniques to select the most suitable enhanced oil re-
covery method, developing models such as Random Forest and
Deep Artificial Neural Networks [13]. Mahdaviara et al. (2022)
developed machine learning-based screening tools for enhanced
oil recovery methods in low-permeability reservoirs, using data
from over 320 projects. Their analysis highlighted gas-based
methods as the most common and showed that the random for-
est model provided the highest accuracy for EOR selection [14]. Su
et al. (2023) used machine learning to optimize EOR technique
selection, achieving up to 91.15% accuracy in predicting the best
methods for reservoirs. The random forest model was the most
effective in classifying EOR methods [15]. Cheraghi et al. (2023)
introduced a two-stage screening framework utilizing artificial
neural networks to identify the most appropriate enhanced oil
recovery method. The model demonstrated impressive accuracy in
classifying EOR projects into main categories and sub-categories,
proving its effectiveness and applicability through successfully
screening Iranian reservoirs [16]. Fernandez Moncada et al.
applied machine learning to EOR screening in sandstone and car-
bonate reservoirs. They found that the random forest algorithm

486

predicted the best EOR method with 90% accuracy [17]. Wang et al.
proposed a screening method to identify suitable conditions for
CO; huff-n-puff in heavy oil reservoirs. They combined orthogonal
design, economic and technical analysis, and random forest
modeling to evaluate key factors and scoring standards [18]. Wen
et al. (2025) developed an interpretable machine learning frame-
work using random forest, support vector regression, and artificial
neural networks to rapidly screen and optimize CO,-EOR strate-
gies in unconventional reservoirs [ 19]. Abdulwarith et al. provided
a physics-based screening tool for offshore CO,-EOR, combining
reservoir simulation to predict injection performance, machine
learning to estimate minimum miscibility pressure, and K-nearest
neighbor modeling to classify recovery, breakthrough behavior
and operational performance [20]. Zhang et al. (2025) advanced
EOR screening models using improved stacking ensemble learning
to integrate multiple machine-learning techniques, addressing
data imbalance and overfitting [21].

On the other hand, multi-criteria decision-making (MCDM) is a
systematic framework for the screening process. It provides a
structured approach to evaluate and compare different EOR
techniques and reservoirs based on multiple criteria. MCDM
methods allow for a more holistic decision-making process by
incorporating various factors and stakeholder preferences. These
techniques vary in terms of algorithm complexity, criteria
weighting methods, handling of data uncertainty, and data ag-
gregation approaches. Multi-attribute decision-making (MADM), a
subset of MCDM, is specifically used to select the best alternative
from multiple options based on certain attributes. It is typically
represented by a decision matrix, making it an efficient model for
comparative analysis [22]. By considering multiple factors,
including reservoir properties, oil quality, and economic viability,
MCDM optimizes the selection process in EOR analysis. This
approach streamlines decision-making by reducing the need for
extensive laboratory and field-scale evaluations [14].

A summary of the prominent studies on EOR screening based
on MCDM is provided in Table 1, which have been applied to
various case studies. As shown, these studies employed different
methods for scoring, criteria weighting, and alternative ranking.
The scoring methods in these studies were based on expert
opinions or real data. Some studies used weighting techniques
based solely on expert opinions (subjective methods), including
the analytic hierarchy process (AHP) and fuzzy AHP (F-AHP).
Others combined subjective methods with data-driven (objec-
tive) approaches, such as Criteria importance through intercri-
teria correlation (CRITIC) and Entropy, ultimately aggregating
the weighting results. For alternative ranking, these researchers
utilized methods such as gray relational analysis (GRA), the
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Table 1
Screening evaluation studies based on MCDM for EOR.
Reference Scoring Weighting Subj. Obj. Weight Ranking Case
method method aggregation method study
[31] Opinions AHP v x x AHP EOR selection for a heavy
oil reservoir
[23] Opinions + real data Literature data X X X GRA Reservoir selection for CO,
EOR
[32] Real data AHP+ v v v Modified TOPSIS Reservoir selection for CO,
Entropy miscible flooding
[33] Opinions AHP v x x AHP EOR screening for heavy oil
[29] Real data+ AHP v X X TOPSIS EOR screening for iranian
9-Point scale oil reservoirs
[24] Opinions F-AHP v X X F-AHP & F-TOPSIS Selection of the most
applicable EOR methods
[25] Opinions AHP+ v v 4 FCE EOR screening for heavy oil
CRITIC fields
[34] Real data Pairwise v X x VIKOR Choosing the most
Comparisons + Monte- appropriate EOR methods
Carlo for a reservoir
This study Real data+ FUCOM+ v v 4 Modified method Reservoir selection for CO,
New scoring method SECA miscible EOR

Technique for order preference by similarity to ideal solution
(TOPSIS) and Fuzzy-TOPSIS, Fuzzy-AHP, and fuzzy comprehen-
sive Evaluation (FCE). In some studies [23-25], the data required
for evaluation were not available, and researchers had to rely on
expert judgment for scoring. Consequently, gray or fuzzy ap-
proaches were employed to handle the inherent subjectivity of
expert-based assessments. In the present study, however, the
CO,-EOR evaluation criteria are quantitative, and an improved
quantitative scoring method is adopted. This approach elimi-
nates the need for expert opinions for scoring, enhances the
accuracy of scoring, and avoids the complexity associated with
fuzzy or gray systems.

Based on our literature survey, studies on EOR screening using
MCDM approaches remain limited. To the best of our knowledge,
even in studies published in 2025 and 2026, we found no work
that combines EOR selection with an MCDM methodology. Some
have applied MCDM for site selection or other purposes [26,27],
but none have addressed EOR selection. This gap highlights the
need for the framework proposed in this study.

The current study (as shown in the last row of Table 1) advances
the literature by presenting a screening study that.

(1) Applies a refined, data-driven, non-linear scoring technique
based on real data and a modified method.

(2) Designs an aggregated weighting model based on the Full
Consistency Method (FUCOM) and the Simultaneous Eval-
uation of Criteria and Alternatives (SECA) method.

(3) Proposes an alternative ranking framework using a modified
approach based on Dickson et al..

(4) Conducts case studies on reservoir selection for CO--
miscible EOR.

The method developed by Dickson et al. (2010) is an applied
approach for screening enhanced oil recovery studies [28], which
has been utilized in some research papers [29,30]. However, this
approach has certain shortcomings in its execution, which have
been identified and revised upon in this paper. This method and its
modifications are explained in detail within the paper. The ad-
justments and improvements made to address its shortcomings
are thoroughly discussed, providing a clearer framework for its
application in EOR investigations.
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Based on the explanation above, this study aims to upgrade EOR
screening by combining MCDM methods while refining the
scoring and ranking procedure. The proposed approach is applied
to two case studies: screening the Iranian and Canadian reservoirs
for CO, miscible EOR. This aligns with the global push towards
CCUS. Hence, the main novelties of this study are outlined below.

(1) Designing an improved hybrid screening framework to
select the most suitable EOR alternative.

(2) Establishing an appropriate non-linear, data-driven scoring
approach to assess different reservoirs based on multi-
criteria screening.

(3) Providing a coupled objective-subjective weighting pro-
cedure to weight the EOR criteria.

The remaining parts of this paper are structured as follows:

Research Methodology section includes the development of the
improved screening approach combining FUCOM, SECA and the
modified technique based on Dickson et al.'s method. A brief
overview of Dickson et al's method and the utilized MCDM
techniques is provided. The modified version of the approach by
Dickson et al. is presented, followed by the introduction of the
combined approach. Next, the Results and Discussion section
demonstrates the application of the approach through case
studies. Finally, Conclusions section summarizes the key findings
and highlights the contributions of the proposed framework to
EOR screening. It also discusses the research's implications and
suggests future work directions.

2. Research Methodology

Before discussing the proposed hybrid approach, the Dickson
et al. method and the MCDM methods used, including FUCOM and
SECA, are briefly outlined.

2.1. Dickson et al.s method

The automated screening algorithm systematically analyzes the
critical characteristics of a reservoir by comparing them with
established criteria specific to different processes. Based on this
comparison, scores are assigned to each evaluated property, which
are then used to rank the processes from the most suitable to the



M. Ghafoori, S. Kord, A. Daryasafar et al.

least suitable for the given reservoir. This ranking is determined
using a point-based system designed to reflect the compatibility of
the reservoir with each process [28]. This method can also be used
to prioritize different reservoirs based on reservoir screening
criteria for an enhanced oil recovery process. The screening
methodology introduced by Dickson et al. is described below [28].

(1) Gathering the reservoir and fluid data:

Information related to the reservoirs of interest is
compiled into a database. When specific reservoir data is
unavailable, analogous data is utilized within the screening
process. Most analog values are derived from weighted av-
erages of proven and probable (PP) data, adjusted based on
user-defined parameters.

(2) Comparing the reservoir properties with screening criteria:

The reservoir properties are evaluated against predefined
screening values to determine whether the reservoir prop-
erty under consideration matches the screening range for
that property in the relevant EOR method.

(3) Conducting the pass/fail test:

An alternative passes the screening test when its property
value is within the established screening range.

(4) Assigning a score based on pass/fail test results:

An alternative that passes the screening test is given 10 points,
regardless of how close it is to the screening criteria’s limits. If an
alternative fails, it receives a score between 0 and —10, based on
the difference between the screening criteria and the reservoir
property. The largest difference between the property and
screening values among all failing alternatives is given the
point —10. An alternative with the closest property to the
screening value gets a score of zero, while linear interpolation is
used for scoring other failing alternatives.

(5) Weighing the scores based on the importance of each
property to the process:

Each score is weighted according to the importance of
each property to the process. Usually, each type of enhanced
hydrocarbon recovery process has three properties with
increased weighting.

(6) Summing up and normalizing the score:

The scores for each alternative are then added together and
normalized within a range of +1 to —1. An alternative that
passes all tests receives a score of +1, while an alternative that
fails all tests gets a score of —1. Intermediate scores are deter-
mined through linear interpolation between these extremes.

(7) Checking the show-stopper property:

For many EOR processes, specific criteria must be satisfied
to ensure technical feasibility, such as the requirement that
reservoir pressure exceed the minimum miscibility pressure
(MMP) for miscible gas injection. The tool sets these criteria
as “show-stoppers”. If an alternative fails a show-stopper, its
normalized score is automatically set to —1, regardless of
other property values.

(8) Comparing the scores:

The final normalized scores for all alternatives are
assessed and ranked.

Accordingly, aspects of the method proposed by Dickson
et al. (2010) that can be improved include (as given in Fig. 1).
- Shortcoming in the weighting approach:

In the method proposed by Dickson et al., the weighting
of the screening criteria is not carried out systematically
using objective and/or subjective approaches; it is merely
stated that the three most important properties should
receive greater weights. This represents a shortcoming of
the technique. Obtaining the weighting criteria using
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Shortcoming
in weighting approach

i Deficiencies
e in scoring approach

Applying the
STOP@ show-stopper parameter
at an inappropriate stage

Fig. 1. Potential shortcomings of the screening approach introduced by Dickson et al.

[28].

expert opinions (subjective method) or methods groun-
ded in available data through a decision matrix (objective
method) would be more effective. Ultimately, all these
approaches should be aggregated to improve the process.
Deficiencies in the scoring approach:

In the method introduced by Dickson et al. (2010), if a
property of an alternative is within the screening range, it
is given a score of 10. If it does not, it receives a max score
of zero, even though the property value might be very
close to the screening range. The method also uses linear
interpolation. To address this shortcoming, it is suggested
that nonlinear interpolation based on the distance
approach be used for scoring. This would allow points
closer to the screening range to receive scores near the
passing score, while points further away from the range
would receive lower scores.

Applying the show-stopper parameter at an inappropriate
stage:

As previously mentioned, if an alternative fails a show-
stopper criterion, its normalized score is automatically set
to —1, regardless of other property values. Consequently,
failing the show-stopper test results in the removal of the
alternative. Suppose the show-stopper parameter is
checked in the final step, and an alternative fails the test. In
that case, this alternative persists through all previous steps
unnecessarily, and any calculations performed on its eval-
uation data become irrelevant. Therefore, checking the
show-stopper parameter in the first step is more efficient. If
an alternative fails this initial check, it is immediately
removed and does not progress to subsequent screening
evaluations. Only when all remaining alternatives collec-
tively fail the show-stopper check might they proceed to
the final evaluation stage. On the other hand, checking the
show-stopper at the initial step ensures that all the
remaining (passed) alternatives achieve the highest score
for the show-stopper criterion. Since these alternatives
have identical scores for this criterion, its column can be
excluded from the decision matrix analysis.

Hence, the present study addressed the three shortcomings
identified in Dickson et al.‘'s approach to improve the method.
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2.2. FUCOM

The full consistency method (FUCOM), proposed by Ref. [35], is a
novel approach for determining criteria weights in a multi-criteria
decision-making problem. The FUCOM method has rapidly gained
traction in the literature due to its numerous advantages. Its
simplicity, requiring fewer pairwise comparisons than traditional
methods, makes it more user-friendly and time-efficient. Addition-
ally, FUCOM ensures consistency in decision-making. Its robustness
to changes in input data and its ability to handle both quantitative
and qualitative criteria contribute to its versatility. Furthermore,
FUCOM's capacity to accommodate uncertainty makes it suitable for
a wide range of real-world decision problems [36,37].

This method imposes two primary constraints on the optimal
weights [35].

- Alignment with comparative priorities: The relative impor-
tance of the criteria (determined by decision-makers) must
align with the calculated weights.

- Mathematical transitivity: The weights must adhere to the
principles of mathematical transitivity.

After solving the optimization model, FUCOM yields the optimal
weights and a value for deviation from full consistency (DFC). This
value quantifies the deviation of the calculated weights from the
initial comparative priorities. A lower DFC indicates a higher degree
of consistency and, consequently, greater reliability of the deter-
mined weights. The FUCOM method involves the steps represented
in Fig. 2 [35,38].

2.3. SECA

The SECA (simultaneous evaluation of criteria and alternatives)
method was proposed by Ref. [39]. This technique can be used as
an objective method for criteria weighting. Its main advantage lies
in the simultaneous determination of both the unknown weights
of criteria and the comprehensive performance evaluations of al-
ternatives, offering a cohesive framework for decision-making
[40]. The main steps of this technique can be described as Fig. 3.

By solving the SECA model, the overall performance score of
each alternative (S;) and the objective weight of each criterion (w;)
are calculated.

2.4. Proposed approach

In this part, the aggregated hybrid framework for enhanced oil
recovery screening is described step by step based on the stages

1- ranking of criteria
according to the

anticipated weight
values

2- comparing the criteria
by the specialists:
comparative preferences

3- calculating the final
criteria weights with

minimum value of
DFC (i.e. maximum
consistency)

Fig. 2. The steps of FUCOM for criteria weighting.
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outlined in Fig. 4. The current study presents and describes a
modified version of the approach of [28]. So, before explaining the
different stages, this modified approach is illustrated.

Based on the shortcomings introduced in Fig. 1, the steps of the
modified version of the approach of Dickson et al. are as follows

(9) Collecting the reservoir and fluid data

This step has not changed from the original method. As before,
information regarding the reservoirs of interest is collected and
organized into a database.

(10) Performing the pass/fail test

This phase has also remained unchanged from the original
version of the technique. The reservoir properties are compared to
predefined screening values to assess whether they fall within the
acceptable range for the relevant EOR method. An alternative
passes the screening test if its property value falls within the
defined range.

(11) Checking the show-stopper property

The show-stopper criterion is applied as a critical filter within
the pass/fail assessment. Alternatives that fail to meet this
essential threshold are eliminated from further consideration. As a
result, all remaining alternatives inherently satisfy the show-
stopper criterion and would automatically receive a score of 9
(see the next step). Consequently, the show-stopper criterion is
excluded from subsequent analysis, as it would be redundant to
include a criterion that all remaining alternatives already meet.

The evaluation then shifts to other criteria to differentiate be-
tween the remaining alternatives. However, if applying the show-
stopper filter would eliminate all alternatives and it is necessary to
identify one option as superior, the process adjusts to preserve all
alternatives.

(12) Assigning a score based on pass/fail test results

In this step, the method has been modified in the current study.
Since some properties may be qualitative, such as the formation

Step 1:
constructing
the decision
matrix
Step 5: Step 2:
finding the determining
optimal the normalized
i decision
weights e
SECA
Step 4: Step 3:

determining the
normalized values of
standard deviations
and degrees of
conflict

calculating the
standard deviation
for each criterion
and level of conflict
between the j-th
criterion and
others

Fig. 3. Steps of the SECA method for criteria weighting.
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" Providing a hybrid N

&

objectivc-subjective
weighting method

Step 1: weighting the criteria
based on opinions of experts
using FUCOM
Step 2: weighting the criteria
based on SECA, according
to step 3 in stage 1
Step 3: aggregating the
wcightcd valucs

Validation

Comparison of the

obtained rankings
with TOPSIS and
VIKOR

J

O O

O

A4

() Establishing the normalized\
decision matrix

A4

Step 1: testing for show-stopper
Step 2: scoring the alternatives
against each criterion

Step 3: constructing the
normalized decision-matrix

A4

4 Prioritizing the N

alternatives for

Step 1: determining the
weighted normalized
decision matrix
Step 2: comparing the
final scores and
providing the ranks of

alternatives
K J

Fig. 4. The proposed screening framework to determine the most suitable EOR alternative.

type or fluid composition, and in these cases, linguistic variables
are used for scoring, with scales typically being 3, 5, 7, or 9-
pointed, it is better to set the maximum score to 9 instead of 10.

On the other hand, in the original version of the method, if a
property does not fall within the desired screening range, it re-
ceives a score between 0 and —10 instead of 10. However, suppose
the property value is numerically very close to the desired
screening value. In that case, it still receives a much lower score
than a value within the desired screening range. For example,
suppose the desired viscosity value of oil is less than 10 cp. If the
viscosity is 9.999 cp, it would receive a score of 10, but if the vis-
cosity is 10.001 cp, it would receive a score of 0. Therefore, it is
better to adjust the scoring system so that it is based on the dis-
tance of the property value from the desired screening value. That
is, if the property value equals to the desired screening value, it
would receive a score of 9 based on the new scale, and if it is not,
the score would be assigned based on the numerical distance from
the desired value, such that the greater the distance, the lower the
score. Here, the proposed screening method has been used for
scoring in this manner [41]:

Score; =9 x 1; (1)
y { 1 if property value is in screening range
i Ai if  property value is not in screening range
(2)
di \?
A=1— ! ) 3
=1 (g 3)

Score; represents the score of the alternative i according to each
criterion. d; denotes the distance between the property value and
the nearest value of the screening bound:
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d; = |value — nearest screening bound| (4)

or:

d— value — U if value>U (5)
' L—value if value<L

For example, if the screening bound for API is [22,30], then for a
value of 19, d; = (22 —19) and for the value of 33, d; = (33 — 30).
dmax is the maximum distance of the property values from the
screening boundary.

The advantage of this nonlinear scoring method is that the
further the property value deviates from the ideal range, the more
it is penalized, resulting in a lower score. For values that are very
far from the ideal, the score approaches zero, and for values very
close to the ideal, the score approaches 9. Additionally, in the
traditional method of Dickson et al., if the property value were
very close to the screening range, it would receive a score of zero
(much lower than 10). However, in this modification, if the prop-
erty value is very close to the screening range, it receives a score
close to the maximum score.

(13) Normalizing the scores

Here, normalization is performed based on the maximum
value. In the Max normalization method, each value in the decision
matrix is divided by the maximum value of its corresponding
column (criterion) as:

rij = xij/mjax(xij)

This approach ensures that all values in each column are scaled
to a range between 0 and 1.

(6)
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(14) Weighing the normalized values according to the impor-
tance of each property

Normalized scores are weighted by an appropriate method
reflecting the importance of each property to the process.

(15) Summing up the weighted normalized scores

The weighted normalized scores for each alternative are then
summed, and their total scores are determined. An alternative that
passes all tests is given a total score of +1, while one that fails all
tests receives the lowest possible total score.

(16) Comparing the total scores

The alternatives are ranked in descending order, from the
highest to the lowest total score.

Now that the modified version of the approach proposed by
Dickson et al. has been clarified, the proposed aggregated hybrid
framework for enhanced oil recovery screening is further elaborated
below.

Stage 1. Establishing the normalized decision matrix.

In the first stage, a normalized decision matrix should be
constructed, which requires a test for show-stoppers and scoring
the alternatives based on the criteria beforehand.

Step 1. Test for show-stopper.

As mentioned, since failing the show-stopper eliminates an
alternative, it's considered in the first stage.

Step 2. Score the alternatives against each criterion.

Egs. (1)-(5) were applied to score the alternatives according to
the criteria.

Step 3. Construct the normalized decision-matrix.

Finally, the normalized decision matrix is obtained based on Eq. (6).

Stage 2. Providing a hybrid objective-subjective weighting
method.

Here, a hybrid objective-subjective weighting approach has been
developed, utilizing the FUCOM method for subjective weighting
based on expert opinions and the SECA method for objective
weighting based on decision matrix data. The final weights are
obtained through an aggregation of these two methods.

Step 1. Weight the criteria based on the opinions of experts
using FUCOM.

A committee of experts is formed to prioritize and compare
screening criteria through a survey. The average of their opinions is
used as input for the FUCOM method. The optimal subjective
weights are obtained using the previously explained FUCOM
optimization algorithm.

In this regard, experts first reach a consensus on the criteria
ranking. They then assign scores of 1, 3, 5, 7, and 9 to pairwise
comparisons of the most important criterion over the others based
on linguistic variables of ‘equal importance’, ‘moderate importance’,
‘strong importance’, ‘very strong importance’, and ‘extreme
importance’, respectively. The importance between these linguistic
variables is also defined using a number of 2, 4, 6, and 8 (Table 2).

Table 2
Saaty's scale for pairwise comparisons [29].

Importance value Definition

1 Equal importance

3 Moderate importance

5 Strong importance

7 Very strong importance

9 Extreme importance

2, Values between two adjacent judgments

4,6,8
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For example, if the most important criterion is considered
‘extremely more important’ than the least important criterion, it is
assigned a score of 9.

Step 2. Weight the criteria based on SECA, according to step 3 in
stage 1.

The SECA method employs normalized decision matrix data to
calculate optimal weights. This matrix was calculated for the
improved method of Dickson et al. Following the steps outlined in
the SECA method, optimal objective weights are determined.

Step 3. Aggregate the weighted values.

Now, the objective and subjective weights need to be aggre-
gated as follows [32]:

(Waunig * Wabis)

subj,j
Waggj = 5 (7)
].; (Waanig * Woys;)

Wb and wey,; ; represent the weights of property j determined
through the FUCOM and the SECA method, respectively. wygg
signifies the aggregated weight of property j. The parameters « and
B denote the relative importance of the subjective and objective
weights, respectively, with the condition that 0<e,8 < 1 and
a+p = 1. Typically, their importance is considered equal, with
values of 0.5 assigned to both.

Stage 3. Prioritizing the alternatives for EOR.

At this stage, the alternatives for the enhanced oil recovery
project are prioritized. To do so, their final scores must be calcu-
lated. The improved method of Dickson et al. uses the weighted
normalized scores to calculate the final score for each alternative
and determine the final ranking.

Step 1. Determine the weighted normalized decision matrices
for each screening method.

The aggregated weights are used to compute the corresponding
weighted normalized scores.

Step 2. Compare the final scores and determine the ranks of
alternatives.

Based on the algorithms described for the improved method of
Dickson et al., steps 7 and 8 are followed and the ranking of al-
ternatives is determined.

Stage 4. Validation.

To assess the reliability of the results obtained from the pro-
posed modified approach in this study, two models were applied
for reservoir evaluation: technique for order of preference by
similarity to ideal solution (TOPSIS) [42] and Vise Kriterijumska
Optimizacija I Kompromisno Resenje (VIKOR) [43,44]. These two
techniques have been implemented in previous studies [29,34].
TOPSIS identifies options closest to the ideal solution, providing a
clear measure of relative performance, while VIKOR focuses on
finding a compromise solution, balancing conflicting criteria.

3. Results and Discussion

Given the critical importance of the carbon dioxide injection
project for underground storage, aimed at reducing greenhouse
gas emissions, as well as the high costs associated with its appli-
cation for enhanced oil recovery, it is advisable to use pessimistic
values for reservoir screening to ensure a very high likelihood of
technical success and to minimize the risk of failure, as mentioned
in Ref. [30]. Following the screening criteria outlined by Ref. [28]
and the pessimistic screening range presented in Ref. [30] (pro-
vided in Table 3), two reservoir screening case studies were con-
ducted for miscible CO,-EOR: one for Iranian reservoirs and
another for Canadian reservoirs.
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Table 3
Screening criteria for CO, miscible EOR [28,30].

Property Screening range
Qil gravity (API) 40-45

In-situ oil viscosity (cp) 04-3

Reservoir temperature (°F) 130-195

Qil saturation (%) 30-80
Reservoir depth (ft) 4000-4125
Average vertical permeability (mD) 250-350
Reservoir pressure (psia) >MMP

Dip angle (°) 5-20

Characteristics of 11 Iranian reservoirs and 6 Canadian reser-
voirs are provided in Table 4 and Table 5, respectively, to screen for
CO,-miscible EOR. The show-stopper parameter was first exam-
ined in both case studies, and alternatives with pressures higher
than the MMP were selected for screening.

Here, the results of implementing the proposed aggregated
hybrid framework for enhanced oil recovery screening are pre-
sented and discussed for two case studies. It should be noted that
the models and calculations have been coded using MATLAB,

LINGO, and Excel.
Stage 1. Establishing the normalized decision matrix.
After checking the show-stopper parameter, the passed alter-

natives were scored based on the criteria according to Egs. (1)-(5).
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The results for this stage are provided in Table 6 and Table 7 for the
Iranian and Canadian case study, respectively. Then, the normal-
ized decision matrix is established.

Stage 2. Providing a hybrid objective-subjective weighting
method.

First, the subjective weights are determined based on FUCOM
by meeting with three EOR experts from the National Iranian
South Oil Company (NISOC). They reached a consensus on the
criteria prioritization of CO,-miscible EOR, considering the deci-
sion data and some storage goals, as follows:
C1=C2>C3>C4>C5>C6>C7, where C1 = Average permeability,
C2 = OQil viscosity, C3 = Depth, C4 = API, C5 = Oil saturation,
C6 = Dip angle, and C7 = Temperature. The results of their judg-
ments are provided in Table 8. After solving the FUCOM optimi-
zation model, the optimal subjective weights are determined, as
represented in Table 9.

Based on the decision matrix data, the SECA model is now
applied for objective weighting. Since the normalized decision
matrix varies for each case study, distinct objective weight values
are obtained for each one. Table 10 presents the calculated
objective weights for two case studies. Then, the aggregated
(subjective-objective) weights are obtained through the aggrega-
tion of FUCOM and SECA according to Eq. (7). These final weights
are provided in Table 11 for two case studies. They should be used
in the alternative ranking models.

Table 4

Characteristics of 11 Iranian reservoirs for miscible CO,-EOR screening [30].
Reservoir API Viscosity (cp) Temperature (°F) Oil saturation (%) Depth (ft) Permeability (mD)
R1 22.5 1.96 213 76.4 9,984 0.7
R2 19.8 222 220 72.6 10,656 0.6
R3 26 2.5 217 76 10,000 1.5
R4 25.2 1.32 248 70 10,600 1.18
R5 23.7 39 225 73 10,150 117
R6 24.8 2.8 235 76 10,800 1.74
R7 27.5 1.46 178 68.7 7,031 52
R8 30.2 0.41 234 81 12,401 0.3
R9 32.7 0.57 191 75.4 7,500 3
R10 344 0.7 283 714 14,853 0.06
R11 25.2 0.65 200 73 8,885 400

Table 5

Characteristics of 6 Canadian reservoirs for miscible CO,-EOR screening [45].
Reservoir API Viscosity (cp) Temperature (°F) Oil saturation (%) Depth (ft) Permeability (mD) Dip angle (°)
R1 41 0.4 225 45 8,300 54 10
R2 41.5 0.65 206 45 8,200 50 10
R3 41 1 128 38 5,300 20 10
R4 42 1.14 133 38 4,900 500 10
R5 30 3 149 45 4,600 7.5 10
R6 28 3 140 45 4,655 10 10

Table 6

Scores of the alternatives for the Iranian case study.
Reservoir Gravity API Viscosity (cp) Temperature (°F) Oil saturation (%) Depth (ft) Average permeability (mD) Dip angle (°)
R1 2.245 9.000 8.624 9.000 6.316 0.046 9.000
R2 0.000 9.000 8.274 9.000 5.665 0.039 9.000
R3 4.677 9.000 8.438 9.000 6.301 0.103 9.000
R4 4.169 9.000 5.735 9.000 5.721 0.081 9.000
R5 3.140 0.000 7.954 9.000 6.161 0.080 9.000
R6 3.904 9.000 7.141 9.000 5.516 0.121 9.000
R7 5.554 9.000 9.000 9.000 8.340 0.366 9.000
R8 6.882 9.000 7.232 0.000 3.644 0.017 9.000
R9 7.825 9.000 9.000 9.000 8.109 0.211 9.000
R10 8.308 9.000 0.000 9.000 0.000 0.000 9.000
R11 4,169 9.000 8.971 9.000 7.228 8.640 9.000
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Table 7
Scores of the alternatives for the Canadian case study.
Reservoir Gravity API Viscosity (cp) Temperature (°F) Oil saturation (%) Depth (ft) Average permeability (mD) Dip angle (°)
R1 9.000 9.000 0.000 9.000 0.000 3.121 9.000
R2 9.000 9.000 7.790 9.000 0.426 2.878 9.000
R3 9.000 9.000 8.960 9.000 8.287 0.904 9.000
R4 9.000 9.000 9.000 9.000 8.690 5.557 9.000
R5 2.750 9.000 9.000 9.000 8.884 0.000 9.000
R6 0.000 9.000 9.000 9.000 8.855 0.185 9.000
Table 8 Table 13
Opinions of experts on the priority of the most important criteria over others. Alternative evaluation and ranking for the Canadian CO,-EOR case study.
c1/C2 C1/C3 C1/c4 C1/C5 C1/C6 Cc1/c7 Reservoir R1 R2 R3 R4 R5 R6
Expert 1 1.00 2.00 2.00 3.00 3.00 4.00 Total score 0.623 0.715 0.789 0.995 0.648 0.605
Expert 2 1.00 2.00 2.00 3.00 3.00 3.00 Ranking 5 3 2 1 4 6
Expert 3 1.00 2.00 2.00 2.00 3.00 3.00
Average 1 2 2 8/3 3 10/3

Stage 3. Prioritizing the alternatives for EOR.

Here, the alternatives are prioritized based on their final scores
and the ranking is obtained. These results are given in Table 12 and
Table 13 for the Iranian and Canadian cases, respectively.

Stage 4. Ranking validation.

Two models, VIKOR and TOPSIS, were followed to validate the
results obtained from the proposed approach in this study. The
comparison of the rankings for the Iranian and Canadian cases is
illustrated in Figs. 5 and 6, respectively. As can be seen, different
methods have provided nearly identical results, which demon-
strates the reliability of the outcomes. Spearman's rank correlation
coefficient measures the similarity between two rankings. The
closer the value is to 1, the stronger the association between the
models [46]. The Spearman's rank correlation coefficient of the

results from the three methods used for ranking in the Iranian
CO,-EOR screening case was greater than 0.982. For the Canadian
CO,-EOR screening case, it was greater than 0.943, clearly indi-
cating the robustness of the ranking results. Accordingly, the top
three reservoir candidates for CO,-miscible EOR are R11, R9, and
R7 among the Iranian alternatives and R4, R3, and R2 among the
Canadian alternatives.

VIKOR and TOPSIS are well-established MCDM methods that
rely on a predefined decision matrix, where each alternative must
be assigned a score for every property prior to analysis. In contrast,
the proposed method in this study incorporates a refined, data-
driven, non-linear scoring procedure within the ranking
approach itself. That is, instead of merely analyzing an externally
prepared decision matrix, the method internally generates and
calibrates the initial scores of each alternative with respect to each
property.

Table 9

The criteria weights obtained by FUCOM.
Property Oil gravity Qil viscosity (cp) Temperature (°F) Qil saturation (%) Reservoir depth (ft) Permeability (mD) Dip angle (°)
Optimal weight 0.109 0.254 0.076 0.095 0.127 0.254 0.085

Table 10

Determination of objective criteria weights based on the SECA technique for two case studies.
Method Objective weights

Oil gravity Qil viscosity (cp) Temperature (°F) QOil saturation (%) Reservoir depth (ft) Permeability (mD) Dip angle (°)

Iranian case 0.150 0.155 0.163 0.166 0.139 0.114 0.112
Canadian case 0.225 0.080 0.142 0.080 0.191 0.202 0.080

Table 11

Aggregated (objective-subjective) criteria weights for two case studies.
Method Aggregated weights

Qil gravity Qil viscosity (cp) Temperature (°F) Qil saturation (%) Reservoir depth (ft) Permeability (mD) Dip angle (°)

Iranian case 0.133 0.206 0.115 0.130 0.138 0.177 0.101
Canadian case 0.164 0.149 0.109 0.091 0.163 0.237 0.086

Table 12

Alternative evaluation and ranking for the Iranian CO,-EOR case study.
Reservoir R1 R2 R3 R4 R5 R6 R7 R8 R9 R10 R11
Total score 0.689 0.637 0.726 0.673 0.487 0.685 0.786 0.570 0.816 0.570 0.915
Ranking 5 8 4 7 11 6 3 9 2 10 1
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Furthermore, the final score computation in VIKOR and TOPSIS
is more complex than in our proposed framework. TOPSIS requires
vector-based distance calculations, while VIKOR relies on utility
and regret measures, both of which increase computational in-
tensity. By comparison, the proposed algorithm in this research
uses a more straightforward formulation based on the sum of
normalized, weighted scores, which enhances transparency, re-
duces computational burden, and eliminates several intermediate
steps.

Despite this simpler structure, the proposed model produced
accurate and consistent rankings comparable to VIKOR and TOPSIS
for two real case studies. This demonstrates that the method not
only maintains reliability but also offers practical advantages: an
integrated scoring capability, a reduced level of mathematical
complexity, and improved applicability in data-driven EOR
screening workflows.

4. Conclusions

EOR techniques boost the oil extraction rates by unlocking
trapped oil, extending mature fields' lifespan and delaying the
need for new exploration. The goal of EOR screening is to reduce
costs, simulation timeframe, and history-matching efforts, allow-
ing the selection of the optimal technique without relying on
extensive reservoir simulation. As a result, primary screening
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serves as a highly effective approach for evaluating EOR projects.
MCDM is a key decision-analysis approach used to identify the
most optimal alternative by evaluating multiple, often conflicting
and competing criteria during selection process. Hence, it can be
used as a tool for conducting a quantitative and systematic EOR
screening.

In summary, this research concludes the following key findings.

(1) It rectified the method introduced by Dickson et al. for
screening EOR techniques, overcoming its shortcomings
through targeted adjustments. It also described these en-
hancements, offering a more refined framework for EOR
implementation.

(2) By integrating MCDM methods, the current study developed
a screening framework for identifying the optimal EOR op-
tion with a coupled objective-subjective weighting proced-
ure for criteria and implementing an effective combined
MCDM approach for ranking alternatives.

(3) This approach was demonstrated through two case studies,
which evaluated Iranian and Canadian reservoirs for CO;
miscible EOR, contributing to global CCUS goals.

(4) This research presents critical implications for the oil and
gas sector in optimizing EOR strategies. Streamlining the
evaluation process accelerates decision-making, thereby
reducing the lead time for project initiation.

(5) The screening method presented in this study is highly
adaptable, making it suitable for all oil reservoirs and
enhanced oil recovery techniques. It produces unbiased re-
sults, as the group-based and aggregated approach ensures
that individual judgment does not influence the outcome,
and the ranking of alternatives is based solely on actual data.
Moreover, the model can be refined by incorporating new
data from field trials, allowing for its ongoing enhancement
and optimization over time.

The proposed approach, designed for screening the reservoirs
for EOR techniques, faces some limitations. These include the
limited availability of data and the exclusion of economic factors
from the datasets. Additionally, the interrelationships between
variables and criteria are often overlooked, which may lead to less
accurate outcomes. In this context, the DEMATEL (Decision-Mak-
ing Trial and Evaluation Laboratory) method emerges as an
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effective approach, as it can capture and analyze the interactions
between various criteria and variables, providing a more accurate
and holistic evaluation of EOR techniques. Also, based on the
approach presented in this paper, future research could focus on
expanding the framework's applicability to diverse reservoir types
and EOR techniques.
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