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Abstract

In CO2 flooding, variations in mobility and formation heterogeneity may cause gas to
traverse high-permeability or interconnected channels, leading to ineffective gas circulation.
This limits recovery rates, ultimately leading to reduced financial benefits. Consequently,
the identification of CO2 gas channeling becomes crucial for developing targeted manage-
ment strategies and improving the efficacy of CCUS-EOR operations. This paper applies
an established AHP–fuzzy comprehensive evaluation framework to the screening and
prioritization of gas-channeling risk in an ultra-low-permeability CO2-EOR reservoir. This
approach combines six static geological parameters and three dynamic production parame-
ters as indicators, enabling a comprehensive analysis of potential gas channeling in the A
block of the Haian Oilfield. This method was applied to the production data from the A
block, showing strong consistency with the observed production response. The results offer
significant technical assistance and theoretical understanding for the scientific identification,
risk evaluation, and subsequent management of CO2 gas channeling in oilfields.

Keywords: analytic hierarchy process; gas channeling; fuzzy comprehensive evaluation;
CO2 flooding

1. Introduction
Exploration data on oil and gas resources show that low-permeability reservoirs

make up about two-thirds of China’s proven reserves [1]. These reservoirs typically have
low porosity and poor permeability, and water injection often fails to deliver satisfactory
results, making it a primary technical challenge for production [2]. Studies indicate that
CO2, owing to its superior permeability, can more efficiently displace crude oil within
reservoir pores, and CO2-enhanced oil recovery (EOR) technology can augment recovery
rates by more than 10% [3]. However, during the extraction process, CO2 flooding may
result in gas channeling due to reservoir heterogeneity, variations in fluidity, and the
effects of gravitational segregation. Recent coupled multiphase-flow studies have also
demonstrated that formation heterogeneity can significantly affect CO2 migration and gas-
production behavior [4]. This phenomenon significantly affects oil recovery efficiency [5].
Consequently, precisely identifying the predominant gas channeling pathways is crucial
for executing effective prevention, control, and management strategies.

The current methods for gas channeling determination mainly include the production
dynamic parameter discrimination method [6], the PVT parameter fitting plate method [7],
the well-logging data analysis method [8], the tracer prediction method [9], the mathe-
matical model method [10], and the fuzzy comprehensive evaluation method [11,12]. For
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example, Duan et al. [6] used the production dynamic parameter discrimination method to
determine the time of gas channeling based on the trend of the gas–oil ratio and divided the
process into three stages: gas breakthrough, gas channel development, and gas channeling.
However, this method could not describe the gas channel pathways quantitatively. Xu
et al. [7] used injection profiling and the pressure index method to draw a dimension-
less parameter plate to identify and classify the gas channels; however, this method is
unable to determine the development direction of the gas channels and is not adapted to
the situation of low gas–oil ratio in the early stage of exploitation. Anees et al. [8] used
well-logging data analysis to identify the horizontal distribution and geometry of the gas
channels formed in the sandstone reservoirs, but this method is highly dependent on the
availability of well-logging data and exhibits limited accuracy [13]. Li et al. [10] presented
the concept of a mainstream channel index and utilized mathematical models to categorize
channel sizes into three distinct categories and elucidate the flow relationship between
the matrix and fractures. This method is particularly suited for fractured reservoirs. In
practice, gas channeling results from the complex interplay between geological hetero-
geneity, fluid properties, and development processes. Therefore, conventional approaches
relying on a single method or limited datasets often fail to capture this complexity fully,
especially when systematic and holistic evaluations are necessary. As a result, there is a
critical need to adapt multi-criteria frameworks to integrate geological, engineering, and
production data for comprehensive identification of CO2 gas channeling pathways under
CCUS-EOR conditions.

The fuzzy comprehensive evaluation method is a multi-criteria decision-making
method based on fuzzy mathematical theory. Its core lies in quantifying qualitative indica-
tors by establishing membership functions, thereby effectively dealing with uncertainty
and ambiguity in the decision-making process [14]. This method has unique advantages
in dealing with complex systems, fuzzy information, or subjective evaluation. It has
been widely used in the fields of mineral development and groundwater protection [15],
geothermal resource development and evaluation [16], and geotechnical engineering safety
assessment [17]. In recent years, this method has gradually expanded to the field of oil
and gas field development, such as oil field remaining potential assessment [18], water
flooding effect evaluation [19], and shale reservoir evaluation [20]. However, the identifica-
tion and evaluation of complex gas channeling phenomena during gas-water alternating
flooding remain a challenge, since they involve multiple coupling factors such as geological
characteristics, well-logging, and dynamic production response. In particular, the hetero-
geneous nature of these indicators and the uncertainty of gas-channeling classification
boundaries make quantitative discrimination difficult. The analytic hierarchy process
(AHP) [21] is a structured method that derives the relative weights of indicators through
pairwise comparisons, providing a transparent and reproducible weighting scheme. Fuzzy
comprehensive evaluation converts the heterogeneous indicators into comparable mem-
bership degrees, whereas AHP supplies their relative weights; the combination of the two
methods is therefore well suited to integrating multi-source information with uncertain
classification boundaries. Nevertheless, the application of such an integrated framework
to the quantitative discrimination of CO2 gas channeling remains relatively limited and
requires further investigation.

Given the limitations of existing methods in dealing with the multi-factor coupling
and complexity of gas channeling in the CCUS-EOR process, this study adapts and parame-
terizes an established AHP–fuzzy comprehensive evaluation framework by integrating six
static geological and three dynamic production indicators. The method comprehensively se-
lected discrimination indicators, including 6 static geological indicators (reservoir physical
properties, connectivity, etc.) and 3 production dynamic indicators (gas–oil ratio, water cut
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change trend, etc.). Subsequently, the analytic hierarchy process was used to determine the
weight of each evaluation factor. On this basis, the fuzzy comprehensive evaluation model
was used to calculate the comprehensive discrimination coefficient, which characterizes
the development degree of gas channeling in the reservoir. Finally, the effectiveness and
practicality of the constructed model were examined through practical application in Haian
Oilfield. The research results provide a scientific basis and technical tools for the screening,
identification and quantitative evaluation of gas channeling in the CCUS-EOR development
process, which is of great significance in improving the effect of reservoir development.

2. Principle of the Fuzzy Comprehensive Evaluation Method
The fuzzy comprehensive evaluation method aims to describe fuzzy phenomena using

membership functions by replacing absolute judgments with membership degrees in the
interval [0, 1], thereby eliminating the impact of differences in parameter magnitudes on the
results. The main steps of this method are as follows: (1) selection of evaluation indicators;
(2) calculation of the weights for each indicator; and (3) computation of the membership
degrees for each indicator.

2.1. Determination of Evaluation Indicators and Discrimination Matrix

The occurrence of gas channeling is a complex process affected by different factors, in-
cluding static factors and dynamic production parameters. Static factors are the foundation
for gas channeling formation and mainly include parameters reflecting the geological char-
acteristics of the reservoir [22], such as permeability, heterogeneity, well spacing between
injection and production wells, and reservoir dip angle. Pore-structure characteristics and
their anisotropic evolution have also been shown to directly influence seepage capacity
and flow-network connectivity [23]. Dynamic factors reflect the formation and evolution of
gas channeling pathways and consist of parameters related to the development process,
such as the gas–oil ratio and water cut [24]. Based on the above analysis, this study selects
the following indicators: Static indicators include permeability, heterogeneity, well spac-
ing between injection and production wells, injection-production height, and dip angle,
effective thickness; dynamic indicators include gas–oil ratio, water cut, and the variation
coefficient of gas production profile. The indicators are represented as Ci, i = 1, 2, 3, . . ., n,
where n is the total number of indicators.

To determine the relative importance of each indicator in the evaluation of gas chan-
neling, this study adopts the analytic hierarchy process [25]. It can address multi-criteria
decision-making problems that combine both qualitative and quantitative factors, which
include the target layer, the criterion layer, and the evaluation layer. Based on the selected
indicators, the analytic hierarchy model in this study can be given in Figure 1.

The analytic hierarchy process is accomplished by performing comparisons between
any two elements within the same level to quantify their relative importance or priority
to a particular criterion in the upper level. The quantification of these evaluations strictly
follows the nine-point scale method [21], which provides a systematic framework for
accurately expressing different degrees of relative importance or preference between two
elements. The main characteristics of the nine-point scale method are summarized in
Table 1.
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Figure 1. Analytic hierarchy structure model.

Table 1. Characteristics of the nine-point scale method.

Scale Meaning

1 Elements Ci and Cj are equally important.
3 Compared to Cj, Ci is slightly more important.
5 Compared to Cj, Ci is much more important.
7 Compared to Cj, Ci is very strongly more important.
9 Compared to Cj, Ci is extremely important.

2, 4, 6, 8 The importance of Ci compared to Cj falls between two adjacent
levels.

1, 1/2, . . .. . . 1/9 The ratio of importance between Ci and Cj is the reciprocal of the Ci
to Cj ratio.

Taking the evaluation layer as an example, this hierarchy analysis process involves
a comparison between static and dynamic indicators. According to the definition of the
nine-point scale, when any indicator is compared with itself, its importance is considered
completely equal; therefore, the elements along the main diagonal of the discrimination
matrix (e.g., static indicator compared with static indicator) are all assigned a value of 1. It
is concluded that the importance of dynamic indicators lies between “equally important”
(value of 1) and “slightly more important” (value of 3). According to the nine-point scale,
an intermediate strength judgment between 1 and 3 corresponds to a value of 2. Static
indicators describe geological conditions favorable for gas channeling, whereas dynamic
indicators reflect production responses already observed during CO2 injection. Following
Liu et al. [12], the dynamic-to-static comparison was set to 2:1, giving normalized weights
of 0.667 and 0.333. This ratio is used as an engineering weighting choice rather than an
exact physical-effect ratio. Its influence is evaluated in Section 3.3. Based on this method,
three discrimination matrices are obtained, as shown in Tables 2–4.
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Table 2. Discrimination matrix for the criterion layer [12].

Scale Static Indicators Dynamic Indicators

Static indicators 1 1/2
Dynamic indicators 2 1

Table 3. Discrimination matrix for static parameters.

Scale Permeability Heterogeneity Effective
Thickness

Well
Spacing

Injection-
Production

Height

Dip
Angle

Permeability 1 1/5 1/2 1/4 1/3 3
Heterogeneity 5 1 2 3 4 9

Effective thickness 2 1/2 1 1/4 1/3 6
Well spacing 4 1/3 4 1 1/2 8

Injection-production
height 3 1/4 3 2 1 7

Dip angle 1/3 1/9 1/6 1/8 1/7 1

Table 4. Discrimination matrix for dynamic parameters.

Scale Water Cut Gas–Oil Ratio The Variation Coefficient
of Gas Production Profile

Water cut 1 1/3 1/5
Gas–oil ratio 3 1 1/2

The variation coefficient of gas
production profile 5 2 1

The pairwise comparison matrices were established by field engineers and reservoir-
evaluation researchers based on the geological and production data of the studied block
and relevant AHP–fuzzy studies. Differences in judgment were resolved through group
discussion until consensus was reached. The derived weights therefore represent engi-
neering judgments informed by field data and literature. To ensure the rationality and
reliability of the discriminant matrix, it is essential to perform a consistency test. To assess
whether a discrimination matrix exhibits satisfactory consistency, an empirical criterion is
typically employed. It is widely accepted that when the consistency ratio (CR) is less than
0.1, the matrix is considered to possess acceptable consistency. The consistency ratio can be
expressed as

CR =
CI
RI

(1)

where CI is the consistency index, and RI represents the random index, which varies with
the number of judgment criteria, with values listed in Table 5.

CI =
λmax − n

n − 1
(2)

where λmax is the maximum eigenvalue; n represents the order of the discrimination matrix.

λmax =
n

∑
i=1

(AW)i
nWi

(3)
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where A is the discrimination matrix, Wi denotes the normalized weight vector, and
(AW)i refers to the product of matrices A and W. The normalized weight vector Wi can be
expressed as

Wi =
Wi

n
∑

i=1
Wi

(4)

Wi =
n

∑
j=1

aij (5)

aij =
aij

n
∑

i=1
aij

(i, j = 1, 2, . . . , n) (6)

where aij denotes the value at the ith row and jth column of the discrimination matrix.

Table 5. Values of random index [26].

n 2 3 4 5 6 7 8 9 10

RI 0 0.52 0.89 1.12 1.26 1.36 1.41 1.46 1.49

The consistency ratios of different matrices are calculated and listed in Table 6. It
can be seen that all the CRs are smaller than 0.1, indicating that the discrimination matrix
exhibits satisfactory consistency. Then, based on the discrimination matrix, the weight
vectors of indicators at each level are computed. The resulting weights of the indicators at
various levels, relative to their respective upper-level goals, are summarized in Table 7.

Table 6. Parameters for matrix calculation.

Discrimination Matrix λmax CI RI CR

Decision level 2 0 0 0
Static indicators 6.5145 0.1029 1.26 0.0817

Dynamic indicators 3.0037 0.0018 0.52 0.0036

Table 7. Calculation results of weights for each indicator level.

Indicator Weight Indicator Weight

Static
parameters 0.333

Permeability 0.062
Heterogeneity 0.380

Effective thickness 0.117
Injection and production well spacing 0.207

Injection and production height 0.208
Dip angle 0.026

Dynamic
parameters 0.667

Water cut 0.110
Gas–oil production ratio 0.310

The variation coefficient of gas
production profile 0.580

2.2. Determination of Membership Degree

The calculation of membership degrees is a critical step in the fuzzy comprehensive
evaluation method. Its primary purpose is to transform the original on-site evaluation
indicator data into dimensionless membership values ranging between [0, 1]. The deter-
mination of membership degrees is mainly achieved through appropriate membership
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function models. Commonly used membership functions include the triangular member-
ship function, trapezoidal membership function, and S-shaped membership function. In
this study, the trapezoidal membership function was selected based on the characteristics
of the problem. Considering that different influencing factors may have different effects on
gas channeling, that is, an increase in indicator values could either exacerbate or alleviate
the phenomenon. Therefore, the trapezoidal membership function, which reflects such
trends, can be further divided into two types: semi-increasing and semi-decreasing forms,
as shown in Equations (7) and (8), respectively. Based on the analysis of the gas channeling
mechanism in oil wells, indicators such as permeability, water cut, reservoir heterogeneity,
and effective thickness are positively correlated with the formation of gas channeling path-
ways. That is, the larger the values of these indicators, the more favorable the conditions
for gas channeling. Therefore, a semi-increasing membership function is recommended for
these indicators. On the other hand, indicators such as injection-production well spacing
and reservoir angle, when larger, are less conducive to the formation of effective gas chan-
neling pathways. Therefore, a semi-decreasing membership function is recommended for
these indicators.

µ(x) =


0 x ≤ a

x−a
b−a a < x < b
1 x ≥ b

(7)

µ(x) =


1 x ≤ a

b−x
b−a a < x < b
0 x ≥ b

(8)

where a is the lower boundary of the indicator and b is the upper boundary as listed in
Table 8. The half-trapezoidal membership function was retained as the baseline because
it provides a direct monotonic transition between the calibrated boundaries and has been
adopted in previous gas-channeling fuzzy-evaluation studies [11,12]. To evaluate the
sensitivity of the evaluation results to the membership-function form, triangular-type
shoulder, Gaussian-type, and sigmoidal functions were additionally tested using the same
boundary parameters a and b.

Table 8. Final membership-function parameters of the nine indicators.

Indicator a b Direction Unit

Permeability 0.5 3.0 Ascending mD
Heterogeneity 1.0 2.886 Ascending –

Effective thickness 0.235 5.0 Ascending m
Injection–production distance 171.98 728.02 Descending m
Injection–production height 0 1 Ascending –

Dip angle 25 53 Descending ◦

Water cut 0.169 0.649 Ascending –
Gas–oil ratio 0 2500 Ascending m3/m3

Variation coefficient of
gas-production profile 0 1.77 Ascending –

The parameters a and b are calibration boundaries rather than sample extrema and
were determined with reference to the field-data distribution together with reservoir-
specific engineering or model-calibration criteria.

2.3. Criteria for Identifying Gas Channeling Pathways

The fuzzy comprehensive evaluation coefficient is defined as the weighted sum of
the membership values for each indicator. The comprehensive discrimination coefficients
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for the static and dynamic indicators are calculated separately, and the overall evaluation
coefficient is then determined by integrating the decision-level weights.

N =
n

∑
i=1

Wi · µi (9)

where Wi is the weight value of the ith indicator and µi is the membership degree. Then
the comprehensive evaluation coefficient can be calculated as

N = Nj·Wj + Nd·Wd (10)

where Wj and Wd represent the weights of the static and dynamic indicators, respectively.
Nj and Nd denote the discrimination coefficients for the static and dynamic indicators,
respectively.

To quantitatively characterize the severity of gas channeling, this study divides the
gas channeling intensity into three levels based on empirical judgment: no gas channeling,
weak gas channeling, and strong gas channeling. The classification standards for each level
are determined according to the comprehensive discrimination coefficient (N) calculated
in Equation (10). When the comprehensive discrimination coefficient is less than 0.3, no
gas channeling is considered to have occurred; when 0.3 < N < 0.5, it is classified as weak
gas channeling; and when N > 0.5, it is classified as strong gas channeling, as listed in
Table 9. Related studies have employed different grading thresholds [11,12], indicating that
the specific boundaries depend on the evaluation framework and classification objective.
In the present study, the upper classification threshold of 0.50 is consistent with Wang
et al. [11], who adopted 0.50 as the criterion for judging whether a gas-channeling pathway
is developed, while 0.30 is adopted as the lower threshold of the three-level engineering
screening scheme.

Table 9. Criteria for gas channeling identification.

Comprehensive Discrimination Coefficient Degree of Gas Channeling

N < 0.3 No gas channeling
0.3 < N < 0.5 Weak gas channeling

N > 0.5 Strong gas channeling

3. Application of Fuzzy Comprehensive Evaluation Method
3.1. Calculation of Membership Values

To demonstrate the application of the constructed comprehensive fuzzy evaluation
method, the A Block of Haian Oilfield in China was selected as a case study. The overview
of the selected block is as follows: The reservoir of the A Block is located at a depth of
approximately 3400 m, with formation temperatures around 120 ◦C and an inclination of
about 45◦, belonging to the category of ultra-low permeability reservoirs. The reservoir’s
physical properties vary considerably, with porosity ranging from 5.2% to 24.2% and
permeability ranging from 0.58 mD to 6.78 mD. It should be noted that this permeability
range represents the overall geological characteristics of the block, whereas the permeability
values used for the specific evaluation samples in Table 10 range from 0.5 mD to 3.0 mD.
Notably, the coefficient of variation for porosity is greater than 0.7, indicating significant
interlayer heterogeneity within the reservoir. The connectivity within the well pattern in
this area is relatively high. The single well stratification is divided into five sub-layers,
labeled as layer 1 to layer 5. In this block, the A-T1 and A-T2 well groups were selected
as study targets. In the A-T1 well group, there are six production wells: A-P1-1, A-P1-2,
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A-P1-3, A-P1-4, A-P1-5, and A-P1-6. In addition, the A-T2 well group comprises three
production wells: A-P2-1, A-P2-2, and A-P2-3. Based on the above fuzzy comprehensive
evaluation method, the development characteristics of gas channeling in each sublayer of
the production wells within the study area were analyzed. The geological parameters and
production parameters used in the analysis are detailed in Tables 10 and 11.

Table 10. Static indicator parameters.

Well No. Layer

Static Index

Permeability Heterogeneity Effective
Thickness

Injection-
Production

Distance

Injection-
Production

Height

Dip
Angle

A-P1-1

layer 1 0.525 1.272 3.00

196.8 1 53
layer 2 0.978 2.004 2.34
layer 3 2.563 1.243 2.29
layer 4 3 1.135 1.33
layer 5 2.5 1.121 1.54

A-P1-2

layer 1 1.523 1.407 3.52

469.56 0 50
layer 2 1.161 2.886 2.33
layer 3 2.932 1.230 2.28
layer 4 2.496 1.364 1.69
layer 5 1.22 1.904 1.31

A-P1-3

layer 1 0.501 1.001 2.96

171.98 1 44
layer 2 1.729 1.015 2.09
layer 3 1 1.491 1.30
layer 4 1.625 1.093 1.16
layer 5 1.333 1.176 1.55

A-P1-4

layer 1 0.5 1.001 4.58

384.05 0 52
layer 2 1.281 1.244 3.34
layer 3 0.505 1.783 1.86
layer 4 1.375 1.120 1.81
layer 5 1.174 1.221 1.87

A-P1-5

layer 1 0.5 1.000 4.44

216.7 0 53
layer 2 0.893 1.210 2.92
layer 3 0.525 1.606 2.07
layer 4 1.583 1.087 1.59
layer 5 0.925 2.091 2.22

A-P1-6

layer 1 1.806 1.125 3.81

728.02 0 51
layer 2 1.442 2.056 2.20
layer 3 1.972 1.699 2.08
layer 4 0.98 2.782 1.32
layer 5 0.557 2.117 1.12

A-P2-1

layer 1 0.500 1.020 2.833

274.66 0.5 51
layer 2 0.500 1.390 2.437
layer 3 0.500 1.033 1.289
layer 4 0.500 1.381 1.086
layer 5 0.500 1.095 1.375

A-P2-2

layer 1 0.500 1.029 2.698

246.81 0.5 49
layer 2 0.500 1.158 2.192
layer 3 0.880 1.168 1.558
layer 4 0.500 1.151 0.474
layer 5 0.813 1.360 1.106

A-P2-3

layer 1 0.806 1.248 2.915

316.32 0 50
layer 2 0.500 1.007 2.041
layer 3 0.588 1.173 1.868
layer 4 0.501 1.268 1.082
layer 5 0.502 1.760 1.907
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Table 11. Dynamic indicator parameters.

Well No.

Dynamic Index

Water Cut Gas–Oil Ratio
(GOR)

Variation
Coefficient

A-P1-1 0.34 2851.17 1.42
A-P1-2 0.53 0 0
A-P1-3 0.428 3467.48 0.889
A-P1-4 0.649 0 0
A-P1-5 0.51 2187.26 1.18
A-P1-6 0.4 0 0
A-P2-1 0.3 153.268 1.38
A-P2-2 0.2 428.643 1
A-P2-3 0.32 10.54 1.43

Based on the geological parameters and production dynamic parameters listed in
Tables 10 and 11 for the A Block, this study applies the trapezoidal membership function
model as shown in Equations (7) and (8) to calculate the membership values for each
evaluation indicator. The specific calculation results and the membership values for each
indicator are detailed in Figures 2–4.

Figure 2. Membership values of static indicators: (a) permeability; (b) heterogeneity; (c) effec-
tive thickness.
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Figure 3. Membership values of static indicators.

Figure 4. Membership values of the dynamic indicator.

3.2. Gas Channeling Analysis

The comprehensive evaluation coefficients for each layer were calculated using
Equations (9) and (10) as shown in Figure 5. The results show that the comprehensive
evaluation coefficients of wells such as A-P1-1, A-P1-3, and A-P1-5 are significantly greater
than 0.6, indicating that these wells have a high risk of gas channeling. Therefore, timely
measures or adjustments to the gas injection strategy should be implemented for these
high-risk wells to effectively mitigate gas channeling and enhance production efficiency. In
contrast, the comprehensive evaluation coefficients of wells A-P1-4 and A-P1-6 are both
less than 0.3, indicating a low degree of gas channeling. Their gas injection development
can maintain the existing plan.

Figure 5. Comprehensive evaluation coefficients for the five layers of each production well. Different
colors and marker shapes distinguish the nine production wells, while the numbers 1–5 denote
Layers 1–5. The dashed lines indicate the N = 0.50 and N = 0.30 classification thresholds.
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The static and dynamic evaluation coefficients were calculated for individual layers,
and the results are presented in Table 12. According to the analysis of evaluation indicators
based on static geological parameters, the static evaluation coefficients of layers 2 and 3
in the A-T1 well group exceed 0.5 in multiple wells (e.g., 0.671 and 0.547 in layer 2, 0.556
and 0.561 in layer 3), indicating a relatively high risk of gas channeling. Therefore, layered
control measures can be prioritized for these layers. For the A-T2 well group, the interlayer
gas channeling differences are relatively small, which suggests that when formulating
control plans, overall control or plugging measures can be prioritized instead of complex
targeted stratification treatment.

Table 12. Evaluation coefficients for each layer.

Well No. Layer Static Evaluation
Coefficient

Dynamic Evaluation
Coefficient

A-P1-1

layer 1 0.529 0.815
layer 2 0.671 0.815
layer 3 0.556 0.815
layer 4 0.522 0.815
layer 5 0.512 0.815

A-P1-2

layer 1 0.287 0.082
layer 2 0.547 0.082
layer 3 0.256 0.082
layer 4 0.258 0.082
layer 5 0.326 0.082

A-P1-3

layer 1 0.490 0.660
layer 2 0.502 0.660
layer 3 0.561 0.660
layer 4 0.492 0.660
layer 5 0.511 0.660

A-P1-4

layer 1 0.235 0.110
layer 2 0.273 0.110
layer 3 0.327 0.110
layer 4 0.213 0.110
layer 5 0.230 0.110

A-P1-5

layer 1 0.293 0.736
layer 2 0.308 0.736
layer 3 0.358 0.736
layer 4 0.268 0.736
layer 5 0.469 0.736

A-P1-6

layer 1 0.147 0.053
layer 2 0.286 0.053
layer 3 0.225 0.053
layer 4 0.400 0.053
layer 5 0.250 0.053

A-P2-1

layer 1 0.342 0.502
layer 2 0.407 0.502
layer 3 0.307 0.502
layer 4 0.372 0.502
layer 5 0.321 0.502

A-P2-2

layer 1 0.353 0.388
layer 2 0.366 0.388
layer 3 0.362 0.388
layer 4 0.323 0.388
layer 5 0.388 0.388
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Table 12. Cont.

Well No. Layer Static Evaluation
Coefficient

Dynamic Evaluation
Coefficient

A-P2-3

layer 1 0.279 0.505
layer 2 0.201 0.505
layer 3 0.233 0.505
layer 4 0.231 0.505
layer 5 0.350 0.505

To identify which indicators determine the classification of each well, the well-level
coefficient N was decomposed into nine individual-indicator contributions Ci = Wgroup ×
wi × µi, where wi is the AHP weight of indicator i within its group, µi is its membership
degree, and Wgroup is the weight of the corresponding group. As shown in Figure 6, for
the High wells A-P1-1, A-P1-3, and A-P1-5, the combined contributions of the gas–oil ratio
and the variation coefficient of the gas production profile account for approximately 71%,
66%, and 73% of N, respectively, showing that their classifications are mainly driven by
the observed gas-production response. For A-P1-4, water cut is the largest contributor,
accounting for 46% of N, indicating that its screening result is dominated by the water-
production response. For the Low wells, the contributions from the gas–oil ratio and the
variation coefficient of the gas production profile are negligible, indicating a distinctly
different contribution pattern from that of the High wells. Accordingly, gas-production-
profile behavior should receive particular attention in A-P1-1, A-P1-3, and A-P1-5, whereas
water-production response deserves greater attention for A-P1-4.

Figure 6. Contribution decomposition of the well-level coefficient N into nine individual-indicator
contributions Ci = Wgroup × wi × µi.

To compare the results predicted by the fuzzy comprehensive evaluation method with
the production response, we plotted the daily gas production and gas–oil ratio curves
for each production well as shown in Figure 7a,b. It can be seen from the figures that
the gas production and gas–oil ratio of production wells A-P1-1, A-P1-3, and A-P1-5 are
significantly higher than those of other production wells, while the gas production and
gas–oil ratio of A-P1-2, A-P1-4, and A-P1-6 are lower. In the process of CO2 flooding,
a higher gas production rate and gas–oil ratio are usually important indicators of gas
channeling, indicating a higher risk of gas channeling. Therefore, production wells A-P1-1,
A-P1-3, and A-P1-5 are prone to gas channeling, while wells A-P1-2, A-P1-4, and A-P1-6 are
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not prone to gas channeling. This is consistent with the fuzzy comprehensive evaluation
method’s judgment that the comprehensive discrimination coefficients of production wells
A-P1-1, A-P1-3, and A-P1-5 are all greater than 0.5 in each layer, indicating their high
gas-channeling risk; the comprehensive discrimination coefficients of production wells
A-P1-2, A-P1-4, and A-P1-6 are all less than 0.3, which also supports the judgment of
low gas-channeling risk. The above consistency demonstrates good agreement between
the fuzzy comprehensive evaluation results and the production response. It should be
noted that while the fuzzy comprehensive evaluation method can be used to identify gas
channeling risks in wells and sublayers, it cannot quantitatively characterize the geometric
configurations of gas channeling pathways.

Figure 7. Production characteristic curves of production wells in A-T1 and A-T2 well groups: (a) daily
gas production variation curve; (b) gas–oil ratio variation curve.

3.3. Sensitivity and Robustness Analysis

The decision-level weighting between the static and dynamic indicator groups (2:1
in the base case) is the strongest assumption in the present AHP model. To test whether
the final ranking is robust to this assumption, the static/dynamic weight pair was varied
among 1:1, 2:1, and 3:1, respectively. For each scenario, the well-level coefficient was
recomputed as N = Ws·Ns + Wd·Nd, where Ns and Nd are the static and dynamic sub-
coefficients of Section 3.2. The layer-averaged N of each well is listed in Table 13. Under all
three scenarios, the nine wells keep the same High/Moderate/Low classification: A-P1-1,
A-P1-3, and A-P1-5 remain high-risk; A-P1-2, A-P1-4, and A-P1-6 remain low-risk; and
the three A-P2 wells remain moderate-risk. The N values of the high- and low-risk wells
change by less than 0.1 across scenarios, confirming that the ranking is not governed by the
specific 2:1 weighting. At the layer level, only one layer crosses a classification boundary:
A-P1-2 Layer 2 changes from Moderate (N = 0.315 at 1:1) to Low (N = 0.237 at 2:1 and 0.199
at 3:1), because its N lies close to the 0.3 threshold. This single borderline case does not
affect the well-level ranking. It indicates that the overall evaluation is robust to reasonable
variations in the decision-level weighting, while layers near a threshold are more sensitive
and should be treated cautiously in field application.

The influence of the membership-function form was further examined using the half-
trapezoidal baseline together with triangular-type shoulder, Gaussian-type, and sigmoidal
functions as shown in Figure 8. The same boundary parameters a and b were used for all
four functions.
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Table 13. Layer-averaged comprehensive evaluation coefficient N of each well under different
decision-level weight scenarios.

Well 1:1 2:1 3:1 Classification

A-P1-1 0.686 0.729 0.750 High
A-P1-2 0.209 0.167 0.146 Low
A-P1-3 0.586 0.611 0.623 High
A-P1-4 0.183 0.158 0.146 Low
A-P1-5 0.538 0.604 0.637 High
A-P1-6 0.157 0.122 0.105 Low
A-P2-1 0.426 0.451 0.464 Moderate
A-P2-2 0.374 0.379 0.381 Moderate
A-P2-3 0.382 0.423 0.444 Moderate

Figure 8. Well-level N under different membership-function forms. Dashed and dotted lines denote
the N = 0.50 and N = 0.30 classification thresholds, respectively.

The classifications of A-P1-1, A-P1-3, and A-P1-5 remain High under all four functions,
whereas A-P1-2, A-P1-4, and A-P1-6 remain Low. In contrast, classification changes are
observed for the three A-P2 wells. Under the half-trapezoidal baseline, A-P2-1, A-P2-2,
and A-P2-3 have N values of 0.451, 0.379, and 0.423, respectively, and are all classified as
Moderate. Under the triangular-type shoulder function, their N values increase to 0.642,
0.656, and 0.574, respectively, causing all three wells to cross the N = 0.50 boundary and be
classified as High. Under the Gaussian-type function, only A-P2-1 crosses the boundary
(N = 0.523), whereas A-P2-2 (N = 0.456) and A-P2-3 (N = 0.492) remain Moderate. The
sigmoidal function gives the same classifications as the half-trapezoidal baseline for all
three A-P2 wells. These results show that the classifications of the clearly High and Low
wells are insensitive to the membership-function form, whereas the A-P2 wells, which lie
closer to the N = 0.50 boundary, are more sensitive to the functional form. As an additional
robustness check, the lower classification threshold was varied from 0.25 to 0.35 and the
upper threshold from 0.45 to 0.55, giving 25 combinations. The main High and Low well
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groups remained unchanged throughout the tested range. Only A-P2-1 (N = 0.451) changed
from Moderate to High when the upper threshold was reduced to 0.45, indicating that the
main classification pattern is robust while cases close to a threshold are more sensitive.

To further assess the robustness of the evaluation results under simultaneous uncer-
tainty in both the AHP judgments and the measured indicators, a Monte Carlo analysis
(2000 samples) was performed by perturbing each pairwise judgment by −2, −1, 0, +1,
or +2 levels of the nine-point scale (with reciprocal entries updated accordingly) and the
measured indicator values using x′ = x(1 + ε), with ε ~ N(0, 0.05), corresponding to a
5% relative standard deviation. Only samples satisfying the AHP consistency criterion
(CR < 0.1) were retained. The High and Low wells retained their classifications in all sam-
ples, whereas the Moderate A-P2 wells showed wider Monte Carlo uncertainty intervals
and greater classification variability near the decision thresholds, as shown in Figure 9.
These results indicate that the main classification pattern is robust under the uncertainty
ranges considered in this analysis. More refined, field-calibrated uncertainty quantification
can be incorporated as additional uncertainty information becomes available. Cases that
exhibit classification changes under the sensitivity or uncertainty analyses can be regarded
as borderline cases. In practical application, these cases should receive additional attention
and be further evaluated through subsequent monitoring and diagnosis rather than being
judged solely by the discrete category label.

 

Figure 9. Monte Carlo uncertainty intervals of the well-level coefficient N (thresholds: 0.3 and 0.5).

As an additional consistency check, a simple rule-based exceedance-count criterion
was applied to the nine wells. The criterion was defined as the number of indicators with
membership degree µ ≥ 0.5. The resulting ranking shows a positive association with the
fuzzy comprehensive evaluation results (Table 14), indicating broad agreement between
the two screening approaches, particularly for the highest- and lowest-ranked wells. Dif-
ferences are mainly observed among wells with intermediate and tied screening results,
because the fuzzy comprehensive evaluation retains continuous membership information
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and indicator weights, whereas the exceedance-count criterion uses only binary exceedance
information. Accordingly, the AHP-fuzzy framework is positioned as an engineering
screening tool for integrating geological and production information, rather than as a
predictive model benchmarked against supervised machine-learning methods.

Table 14. Well-level comparison between the AHP–fuzzy comprehensive coefficient N and the
rule-based exceedance count (number of indicators with µ ≥ 0.5).

Well N (AHP–Fuzzy
Method) Rank by N Exceedance Count

(Indicators with µ≥ 0.5)

A-P1-1 0.7290 1 5
A-P1-3 0.6106 2 5
A-P1-5 0.6037 3 5
A-P2-1 0.4513 4 3
A-P2-3 0.4232 5 2
A-P2-2 0.3785 6 3
A-P1-2 0.1665 7 2
A-P1-4 0.1583 8 3
A-P1-6 0.1224 9 1

4. Conclusions
This study adopts a combined approach that integrates the analytic hierarchy process

with a fuzzy comprehensive evaluation method to quantitatively analyze six static indica-
tors and three dynamic production indicators during the early development stage of the
well group in the A Block of Haian Oilfield. Various factors that influence the formation of
gas channels were investigated, and the main conclusions are drawn as follows:

1. The gas channel identification results based on the fuzzy comprehensive evaluation
method align well with the dynamic production response observed in production
wells, showing the practical applicability of the fuzzy comprehensive evaluation
method for detecting gas channels.

2. The evaluation results demonstrate considerable variability in the formation of gas
channels among different well groups and sublayers. Specifically, wells such as A-P1-
1, A-P1-3, and A-P1-5 exhibit higher comprehensive discrimination indices, indicating
more advanced development of gas channels. In contrast, wells like A-P1-4 and
A-P1-6 show lower indices, suggesting that their gas channels are less developed.

3. The fuzzy comprehensive evaluation method is applicable in handling multi-source
uncertain information and conducting an integrated assessment. However, this
method mainly focuses on assessing the overall risk level or development degree
of gas channels and does not directly quantify their specific geometric features. In
practical applications, combining this approach with other gas channel diagnostic
techniques may provide a more thorough and precise identification of gas channel
geometries.

Overall, the proposed framework provides a practical approach for gas-channeling
screening in CO2-EOR operations, while its applicability can be further strengthened
through independent surveillance for channel characterization (e.g., tracer tests, PLT logs,
pressure-transient analysis) and uncertainty quantification of the evaluation results.
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