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Abstract: Ensuring the stability of surrounding rock is crucial for the safety of underground engi-
neering projects. In this study, an improved fuzzy comprehensive evaluation method is proposed to
accurately predict the stability of surrounding rock. Five key factors, namely, rock quality designation,
uniaxial compressive strength, integrality coefficient of the rock mass, strength coefficient of the
structural surface, and groundwater seepage, are selected as evaluation indicators, and a five-grade
evaluation system is established. An improved analytic hierarchy process (IAHP) is proposed to en-
hance the accuracy of the evaluation. Using interval numbers rather than real numbers in constructing
an interval judgment matrix can better account for the subjective fuzziness and uncertainty of expert
judgment. Subjective and objective weights are obtained through IAHP and coefficient of variation,
and the comprehensive weight is calculated on the basis of game theory principles. In addition,
trapezoidal and triangular membership functions are employed to determine the membership degree,
and an improved fuzzy comprehensive evaluation model is constructed. The model is then used to
determine the stability of the surrounding rock based on the improved criterion. It is applied to six
samples from an actual underground project in China to validate its effectiveness. Results show that
the proposed model accurately and effectively predicts the stability of surrounding rock, which aligns
with the findings from field investigations. The proposed method provides a valuable reference for
evaluating surrounding rock stability and controlling construction risks.

Keywords: surrounding rock stability; IAHP; fuzzy comprehensive evaluation; coefficient of variation

MSC: 91A86

1. Introduction

The accelerated exploitation of underground resources has led to increased construc-
tion of underground engineering projects. The 21st century has been dubbed the “century
of underground space” as more people live or work in such environments. Therefore,
ensuring the safe construction of underground engineering is of paramount importance [1].
During the nonlinear excavation process of underground engineering, the stress field of
the rock undergoes disturbance and redistribution [2]. These factors can lead to geological
hazards, including rock burst, collapse, and water inrush. Determining the stability of
the surrounding rock is a critical issue for construction safety [3]. It directly affects the
economy, safety, and construction schedule of underground projects. Therefore, accurately
assessing surrounding rock stability is vital for underground engineering.

The analysis of surrounding rock stability finds widespread application in water con-
servancy and hydropower engineering, mining engineering, and traffic engineering [4].
Numerous scholars have developed different evaluation methods based on various theo-
ries, which can be classified into analytical, numerical, and machine-learning approaches.
Analytical methods include the Protodyakonov coefficient (f), rock quality designation
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(RQD), Q, and rock mass rating (RMR) method [5]. The Protodyakonov coefficient is simple
but may introduce errors due to changes in stress states resulting from laboratory mea-
surements [6]. RQD, proposed by Deere [7], offers a convenient indicator of rock quality.
Beniawski developed the RMR system based on six parameters [8]. Barton proposed the Q
system that evaluates rock mass quality using six different parameters [9]. However, these
methods involve numerous parameters, some of which are difficult to determine accurately,
leading to uncertainties regarding the mechanical properties of rock masses.

Other analytical methods include the Technique for Order Preference by Similar-
ity to an Ideal Solution (TOPSIS) [10], the ideal point method [11], the matter-element
method [12], and the cloud model approach [13]. Each of these methods has made remark-
able contributions to the field. TOPSIS and the ideal point method calculate the closeness
degree to obtain the results and address the quantification of indicator effects, which is
a challenge for other methods. However, their results may fall between two grades. The
matter-element method can ignore important constraints, leading to discrepancies between
evaluation results and actual results. Cloud models construct a cloud generator to address
the conversion of qualitative and quantitative data and consider the interaction of indi-
cators. However, constructing cloud models is complex and challenging. Moreover, the
evaluation index varies for different geotechnical projects [14].

Numerical methods include analytical fractal methods and numerical boundary el-
ement methods [15–17]. These approaches treat rock as porous media and examine its
stability through the characterization of its complex structure. However, building fractal or
numerical models is complex and time-consuming.

Many machine learning techniques, such as backpropagation (BP), Bayes, support vec-
tor machine (SVM), and random forest (RF), have been applied in the field of surrounding
rock stability analysis [18,19]. Artificial intelligence algorithms possess strong nonlinear
mapping capabilities and are widely used in engineering applications due to their effective-
ness in regression prediction. Heuristic optimization algorithms, such as particle swarm
optimization, genetic algorithms, gray wolf optimization, and Harris hawks optimizer
methods, have been employed to enhance these techniques [20]. Machine learning methods
utilize characteristic parameters of the rock mass as input to predict its stability by estab-
lishing a complex mapping relationship. This method improves the efficiency of stability
prediction, reduces subjective judgment, and addresses parameter uncertainties associated
with traditional methods. However, machine learning methods have certain drawbacks.
They can be slow to converge, require long training cycles, and are susceptible to local
optima. Moreover, these methods require a large number of practical engineering samples
for training, and their accuracy is influenced by the data dimension and the volume of
data. In addition, machine learning methods are often regarded as black boxes, leading to
uncertainty in the output results.

In practical underground engineering, determining the stability of surrounding rock
quickly and accurately within limited measured samples and time presents challenges.
This study proposes an improved fuzzy comprehensive evaluation method (IFCEM) for
determining surrounding rock stability. The method uses the improved analytic hierar-
chy process (IAHP) and coefficient of variation (CV) to determine the subjective weights
(SW) and objective weights (OW) of evaluation indicators. Additionally, game theory is
employed to determine the comprehensive weights (CW) of these indicators. Based on
fuzzy theory, the proposed method establishes a mathematical model, determines mem-
bership functions, improves the traditional judgment criterion, and uses the confidence
criterion to assess the stability of surrounding rock. The effectiveness of the method is
validated through an underground project in China. The model enables rapid and objective
determination of rock mass stability, aligning with the actual situation.

The structure of this article is as follows. Section 1 presents the research background.
Section 2 introduces the methods employed. Section 3 determines the evaluation system
for surrounding rock stability. Section 4 establishes the fuzzy comprehensive model and
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presents an engineering case study. Section 5 discusses the results. Section 6 provides
the conclusion.

2. Methods
2.1. Improved Analytic Hierarchy Process

The AHP method proposed by Saaty is a commonly used approach to determine
SW [21,22]. It is simple, practical, and widely used. In this method, the weights are
calculated on the basis of a judgment matrix, and a consistency test is conducted [23].

In the traditional AHP, determining the scale of pairwise comparisons is crucial.
During the process of comparison, experts may have limitations in their knowledge, leading
to judgments that involve uncertainty. To address this issue, this study proposes an IAHP
method that considers the importance of interval numbers in pairwise comparisons. This
approach better aligns with the thinking of experts, resulting in weight outcomes that meet
the requirements. The steps involved in the IAHP are as follows:

(1) Construction of judgment matrix

Let the interval number a be defined as a = [a−, a+], and multiple interval numbers
are used to form a judgment matrix A. Experts are invited to provide the upper and lower
limits of the interval numbers a+ and a− and for pairwise comparisons between the two
indexes. The values for the interval numbers are shown in Table 1.

Table 1. Importance scale.

Scale Definition

1 equal
3 slightly
5 obvious
7 strong
9 extreme

The importance scale for index comparison [24] is defined as follows: a scale of 1
indicates that the index is equally important to other indexes. A scale of 9 signifies that the
index is much more important than the other indexes. The interval judgment matrix A is
constructed as follows [25]:

A = [Aij]m×m = [a−ij , a+ij ] =

 [1, 1] [a−12, a+12] · · · [a−1m, a+1m]

[ 1
a−12

, 1
a+12

] [1, 1] · · · [a−2m, a+2m]

[ 1
a−1m

, 1
a+1m

] [ 1
a−2m

, 1
a+2m

] · · · [1, 1]

 (1)

where m is the number of assessment indexes.

(2) Calculation of weight vectors X− and X+

Supposing A = [A−, A+], the weight vectors X− and X+ for A− and A+ can be
obtained by [26]:

X−i =

(
m
Π
j=1

a−ij

) 1
m

m
Σ

i=1

(
m
Π
j=1

a−ij

) 1
m

(2)

X+
i =

(
m
Π
j=1

a+ij

) 1
m

m
Σ

i=1

(
m
Π
j=1

a+ij

) 1
m

(3)

where the symbols have the same meaning as described above.
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(3) Consistency test

During the process of comparison, checking for inconsistent judgments is important.
Therefore, a consistency test is conducted. This test is solved using two coefficients as
follows [27]:

λ =

√√√√√ m

∑
j=1

1
m
∑

i=1
a+ij

(4)

µ =

√√√√√ m

∑
j=1

1
m
∑

i=1
a−ij

(5)

where λ and µ represent correction coefficients. If λ ≤ 1 and µ ≥ 1, then the matrix is
considered consistent. However, if the values of these coefficients do not meet the criteria,
it indicates poor consistency in the judgment matrix, and it needs to be reconstructed.

(4) Weight calculation

Various methods, such as the iterative method and random simulation method [28],
can be used to calculate the weights of the interval judgment matrix. In this study, the
eigenvalue method is selected, and the weight vector of the interval number is obtained
by [27]:

wi = [λX−i , µX+
i ] (6)

The calculated weight is an interval, which is then converted using the following
formula:

SWi =
1
2
(w1, w2, · · ·wm) =

1
2
(
λX−i + µX+

i
)

(7)

where SWi represents the subjective weight of factor i.

2.2. Coefficient of Variation

The CV method [29] is an objective weighting method. It assigns more weight to
indicators with a larger gap between the actual measured value and the target value,
and less weight is given to indicators with smaller gaps. This method helps eliminate
the influence of different dimensions on weights and provides an objective weighting
method [30]. The steps involved are as follows:

(1) Normalized data

The indicators are divided into positive and negative indicators and dimensional
differences are eliminated as follows [29]:

Xij =
xij −min(xij)

max(xij)−min(xij)
(8)

Xij =
max(xij)− xij

max(xij)−min(xij)
(9)

where min(xij) and max(xij) represent the minimum and maximum values, respectively.
xij represents the measured value.

(2) Calculation of the mean value and standard deviation

They are expressed as [29]:  xj =
1
n ∑n

i=1 xij

Sj =

√
∑n

i=1 (xij−xij)
2

n

(10)

where Sj and xj are the standard deviation and mean value, respectively.
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(3) Calculation of coefficient of variation and weight

They are obtained by [29]:

Vj =
Sj

xj
(11)

OWj =
Vj

n
∑

j=1
Vj

j = 1, 2, · · · , n (12)

The symbols used here as defined similarly as above, where OWj represents the
subjective weight of factor j.

2.3. Game Theory

In this study, the basic idea of game theory [31] is introduced to combine different
weights. The aim is to minimize the deviation between the weights and obtain the optimal
comprehensive weight. The steps involved are as follows:

(1) Set R different weight methods to assign weight to the indicators. In this study, R = 2.
A linear combination of weight CW is defined by [31]:

CW = α1wT
1 + α2wT

2 (α1,2 > 0, α1 + α2 = 1) (13)

where α1 and α2 represent the correction factors.

(2) The aggregation model of game theory is introduced to minimize the deviation
between W and Wi. The objective function is expressed as [32]:

min

∥∥∥∥∥ 2

∑
l=1

αlwT
l − wz

∥∥∥∥∥
2

(z = 1, 2) (14)

In accordance with the differential property of the matrix, the optimal condition
equation of the first derivative in Equation (14) is derived as [32][

w1 · wT
1 w1 · wT

2
w2 · wT

1 w2 · wT
2

]
×
[

α1
α2

]
=

[
w1 · wT

1
w2 · wT

2

]
(15)

where the symbols used here are defined similarly as above.

(3) Normalization of the optimization combination coefficient obtained from
Equation (15) [33]:

α∗z =
|αz|

2
∑

z=1
|αz|

(16)

where α∗1 and α∗2 represent the correction coefficient after normalization.

(4) Calculation of the comprehensive weight CW [33]:

CW = α∗1wT
1 + α∗2wT

2 (17)

where w1 = SW and w2 = OW represent the objective and subjective weights obtained
from the IAHP and CV methods, respectively.

2.4. Improved Fuzzy Comprehensive Evaluation Method

The FCEM is a comprehensive analysis method that combines qualitative and quan-
titative analysis [34]. It involves determining the factors and evaluation sets, obtaining
the weights for each evaluation index, establishing the membership function, constructing
the fuzzy evaluation matrix, and ultimately determining the evaluation results through
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various logical operations and relevant criteria. The method follows a step-by-step process,
starting from the bottom and progressing to the top level, to obtain the final comprehensive
evaluation result [35]. The steps involved are as follows:

(1) Establishment of the factor set

It refers to the collection of various influencing factors. In this study, five evaluation
factors are used, which can be expressed as:

F = [F1, F2, F3, F4, F5] (18)

where F represents the influencing factor.

(2) Establishment of the evaluation set

In this study, the evaluation set is the grades of the surrounding rock, which are
divided into five categories. It is expressed as:

E = [E1, E2, E3, E4, E5] (19)

where E represents the surrounding grade from I to V.

(3) Determination of the degree of membership function

Currently, two approaches are mainly used to determine the membership degree. The
first approach involves consulting an expert to determine the attribution of a subject’s rating
and to determine the percentage of the subject’s rating in a particular category. The second
approach involves determining the range of indicators in different hierarchies, constructing
a membership function based on it, and using the data to solve the membership degree.
Considering the fuzziness of adjacent classification boundaries and the subjectivity and un-
certainty of decision-making, this study addresses the problem by constructing trapezoidal
and triangular membership functions. The membership function of five different indexes is
constructed under five grades using the measured values and the average boundary values
of different grades. The membership function of different levels is defined as follows:

f j(c5) =


1 xj ≤ u5
u5 − xj
u5 − u4

u4 < xj ≤ u5

0 xj > u4

(20)

f j(ci) =


0 xj ≤ ui+1
xj − ui+1
ui − ui+1

ui+1 < xj ≤ ui
ui−1 − xj
ui−1 − ui

ui < xj ≤ ui−1

0 x > ui−1

(21)

f j(c1) =


0 xj ≤ u2
xj − u2
u1 − u2

u2 < xj ≤ u1

1 xj > u1

(22)

where c represents the level of the surrounding rock stability. And fj(ci) represents the
membership function of the j-th factor under the i-th level (Figure 1). Here, i and j are
equal to 1, 2, 3, 4, and 5. xj represents the measured value of the j-th factor and ui denotes
the average of the boundary values of each grade. Each indicator at different levels is
quantified into a categorical range. Once the classification criteria for different levels are
determined, ui can be determined. For example, factor I1 u5 represents the mean value of
the boundary values under grade V. The upper and lower limit of the boundary value can
be found in Table 3. In Table 3, the upper and lower limit of the boundary value of level V
for factor I1 RQD is 0–25 and u5 is equal to 12.5 when calculating the membership degree
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of index 1 under level V. Its value varies on the basis of the boundary values of different
grade classifications. Other calculations of ui follow a similar procedure.
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(4) Construction of the fuzzy comprehensive judgment matrix R

Once the membership function is determined, the membership degree can be obtained
based on the measured value. The value is between 0 and 1, and it helps eliminate the
dimensional influence of different indicators in the comprehensive evaluation. These values
form a fuzzy comprehensive judgment matrix R, as expressed as [36]:

Ri =

 f1(c1) · · · f1(c5)
...

...
...

f5(c1) · · · f5(c5)

 (23)

where Ri represents a fuzzy comprehensive judgment matrix.

(5) Comprehensive evaluation

The evaluation sets of the surrounding rock B are obtained on the basis of the weight
set of evaluation indicators CW and the fuzzy evaluation matrix. The process is shown as
follows [36]:

Bi = CWi · Ri = (w1, w2, · · ·wi) ·


R1
R2
...

Ri

 = (B1, · · · Bi) (24)

where CWi represents the comprehensive weight, and i = 1, 2, 3, 4, 5.
The traditional criterion of maximum membership degree will sometimes fail, resulting

in unreasonable results. Therefore, this study proposes an improvement by using the
confidence identification criterion to obtain the stability of the surrounding rock. It is
expressed as:

Ck = min

{
k :

k

∑
l=1

µxl ≥ λ, 1 ≤ k ≤ 5

}
C1 > C2 > · · · > C5 (25)

Ck = max

{
k :

k

∑
l=5

µxl ≥ λ, 1 ≤ k ≤ 5

}
C1 < C2 < · · · < C5 (26)

where k = 1, 2, . . . , 5 and λ ∈ [0.5, 0.7].
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3. Surrounding Rock Stability Evaluation System
3.1. Selection and Principle of Evaluation Indexes

The selection of assessment factors is important for obtaining accurate classification
results [37]. Therefore, some principles should be observed:

(1) Comprehensiveness and independence

The evaluation indicators should comprehensively reflect the factors affecting the
stability of surrounding rock while selecting significant, largely independent, and represen-
tative indicators. This simplifies and enhances the effectiveness of the calculation.

(2) Feasibility

Considering the numerous and complex monitoring and experimental data, the se-
lected evaluation indicators should be practical, operable, and easy to investigate, collect,
or measure. This ensures smooth progress in the evaluation process.

(3) Scientificity and reliability

As the purpose of classifying surrounding rock is to reduce the occurrence of risk
accidents, ensuring the scientific reliability of the evaluation indicators is essential.

According to the previous research [38], and considering the specific project situation
of the project, five factors are selected in accordance with the aforementioned principles [39].
The rock quality designation (RQD), uniaxial compressive strength (Rw), integrality coeffi-
cient of the rock mass (KV), strength coefficient of the structural surface (Kf), and ground-
water seepage (W) were selected as evaluation indicators for the classification system. A
brief introduction is as follows:

1. Rock quality designation (I1)

The RQD is the ratio of the cumulative length of intact columnar core samples greater
than 10 cm per feed to the feed of each drill return (expressed as a percentage). RQD reflects
the degree of rock integrity and is widely used in many rock stability evaluation methods,
such as the RMR method and Q method, as expressed by Equation (27).

RQD = (
Cumulative core length over 10 cm

Borehole length
)× 100% (27)

2. Uniaxial compressive strength (I2)

It is an important parameter that reflects the mechanical properties of rock. This index
has been used as an evaluation index by the Q method and the RMR method, and other
methods, so it is used for the study of the classification of the surrounding rock in this
paper. It is shown as follows:

R =
P
A

(28)

where P and A represent the applied load and cross-sectional area of the sample, respectively.

3. Integrality coefficient of rock mass (I3)

It is a quantitative physical indicator used to assess rock integrity and is widely used
for classifying engineering rock masses. It is defined as:

Kv =

(
Vpm

Vpr

)2
(29)

where Vpr and Vpm represent the p-wave velocities of the rock and rock mass (m/s), respectively.

4. Strength coefficient of structural surface (I4)

Various forms of structural faces are observed in a rock mass, and the integrity of these
structural faces is assessed on the basis of a combination of characteristics that can affect
the stability of the surrounding rock.
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5. Groundwater seepage (I5)

Groundwater can cause damage to the properties of rock, and its presence or absence
differs between dry and water-rich environments [40]. Therefore, understanding the state
of groundwater is essential for analyzing the surrounding rock stability.

3.2. Classification of Rock Stability

This study defines the surrounding rock stability according to pertinent literature and
other methods (Table 2) in order to achieve a more precise categorization [41–43].

Table 2. Surrounding rock stability classification of other methods.

Number Method Number of Rock Grade

1 Q method 9
2 BQ method 5
3 RMR method 5
4 HC method 5
5 Standard for Engineering Classification of Rock Mass 5
6 Code for Investigation of Geotechnical Engineering 6
7 Code for Design of Road Tunnel 6
8 New Austrian Tunneling Method 5

Various classification methods, as listed in Table 2, divide rock stability into five
grades, although six grades or nine grades are also used. To ensure comparability with
other methods, this study chooses to classify rock stability into five classes: I, I, II, IV, and V.

3.3. Evaluation System

The surrounding rock stability is classified into five grades, ranging from grade I
(excellent rock quality) to grade V (very poor rock quality). Each evaluation index is
categorized on the basis of its impact on surrounding rock stability in accordance with
different grades [44] (Table 3).

Table 3. Classification criteria for various indicators of surrounding rock stability.

Level RQD/% Rw/Mpa Kv Kf w/L/min × 10 m

I 100–90 200–120 1.00–0.75 1.0–0.8 0–5
II 90–75 120–60 0.75–0.45 0.8–0.6 5–10
III 75–50 60–30 0.45–0.3 0.6–0.4 10–25
IV 50–25 30–15 0.3–0.2 0.4–0.2 25–125
V 25–0 15–0 0.2–0 0.2–0.0 125–300

Based on the above studies, an evaluation system was constructed. It consists of two
layers: the first layer represents the stability of the surrounding rock (target layer), and the
second layer consists of five indicators (indicator layer).

4. Engineering Case Analysis
4.1. Engineering Background

The Guangzhou Pumped Storage Power Station is a major energy project in South
China. The reservoir’s normal storage level of the reservoir is 816.80 m, with a maximum
dam height of 68 m and a total reservoir capacity of 24 million km3. The water diversion
and power generation system’s pipeline has a total length of approximately 4407 m. The
underground plant’s dimensions are 152 m × 22 m × 46 m, and the vault elevation is
approximately 239.9 m. Six samples of underground caverns in different parts of the study
area were selected (Figure 2).
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4.2. Subjective Weights Analysis

Weight seriously affects the accuracy of the results. In this study, IAHP is used to
obtain the subjective weights. The procedure is as follows: an expert was invited to assess
the interval number of each two indexes through the 1–9 scale to form an interval number
evaluation matrix A (Table 4).

Table 4. Interval number matrix of five factors.

Factor I1 I2 I3 I4 I5

I1 [1, 1] [1/4, 1/2] [1/5, 1/3] [1/5, 1/2] [4, 3]
I2 [2, 4] [1, 1] [3, 5] [1/5, 1/2] [1/6, 1/5]
I3 [3, 5] [1/5, 1/3] [1, 1] [1/3 1/2] [1/6 1/4]
I4 [2, 5] [3, 5] [2, 3] [1, 1] [1/4, 1/3]
I5 [1/4, 1/3] [5, 6] [4, 5] [3, 4] [1, 1]
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Figure 2. Surrounding rock data: (a) I1, I2, I5; (b) I3, I4.

For example, the interval number of I1 to I3 is [3, 5], which indicates that the expert
considers the importance of the two indicators to range between moderately important and
strongly important. The interpretation of other interval numbers follows a similar pattern.

The contrast matrix A can be divided into two independent matrices A− and A+. After
the judgment matrix is constructed, the weight vector can be calculated. The weight vectors
X− and X+ for each matrix using the eigenvalue method through Equations (2) and (3)
were calculated, resulting in [0.085, 0.142, 0.110, 0.307, 0.356] T and [0.150, 0.172, 0.111, 0.246,
0.321] T, respectively.

Correction coefficients λ and µ for A− and A+ can be obtained using Equations (4) and (5).
In this case, λ = 0.99 < 1 and µ = 1.014 > 1, indicating that the weight calculation is qualified
by the consistency test. And the subjective weight of each factor can be obtained using
Equation (7), as expressed in Table 5.

After calculation, the subjective weight of each index is [0.117, 0.157, 0.110, 0.277, 0.339] T.
The weights are sorted as follows: I5 > I4 > I2 > I1 > I3. It means that the surrounding rock
stability is most significantly influenced by groundwater.
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Table 5. Results of subjective weight.

Weight I1 I2 I3 I4 I5

A− 0.085 0.142 0.110 0.307 0.356
A+ 0.150 0.172 0.111 0.246 0.321
SW 0.117 0.157 0.110 0.277 0.339

4.3. Objective Weights Analysis

Using six samples of surrounding data in the study area, the OW of each index (Table 6)
is obtained by Equations (8)–(12).

Table 6. Objective weight of each index.

Factor Mean Value Standard Deviation Coefficient of Variation OW (%)

I1 55.017 29.427 0.535 13.103
I2 60.017 64.983 1.083 26.526
I3 0.42 0.296 0.705 17.276
I4 0.475 0.295 0.62 15.191
I5 54.7 62.304 1.139 27.904

After calculation, the objective weight of each index is [0.131, 0.265, 0.173, 0.152, 0.279] T.
The weights are sorted as follows: I5 > I2 > I3 > I4 > I1. This indicates that groundwater has
the greatest influence on the surrounding rock stability based on the measured data.

4.4. Comprehensive Weights Analysis

After calculating SW and CW, the comprehensive weight can be obtained. α1 and α2 are
obtained using Equation (15) in Python, resulting in α1 = 0.83, α2 = 0.17, and α1 + α2 = 1.
The calculation is correct. The comprehensive weight is obtained by Equations (16) and (17),
resulting in [0.120, 0.175, 0.121, 0.255, 0.329] T.

The weights are sorted as follows: I5 > I4 > I2 > I3 > I1. This indicates that groundwater
has the greatest influence on the surrounding rock stability based on the opinion of experts
and the data in the study area. The weights are compared in Figure 3 to better visualize the
differences between SW, OW, and CW.
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Analysis of weight results shows that the determination of subjective weights depends
on the knowledge of experts, which is highly subjective and arbitrary. The determination
of objective weights depends on field-measured data or monitoring data, which is highly
objective but lacks human participation and may not fully reflect the actual project situation.
Both subjective and objective weights have their shortcomings. Therefore, integrating the
characteristics of both and conducting comprehensive empowerment is necessary to reflect
experts’ subjective judgment and the objective importance of parameters.

In this study, comprehensive weights are obtained by integrating the SW and OW
calculated using IAHP and CV through game theory, resulting in a more reasonable and
accurate weight distribution that aligns with the actual situation.

4.5. Comprehensive Fuzzy Evaluation Analysis

In this section, the index and evaluation set, along with the membership functions
and evaluation results, are calculated. The membership function serves to transform the
index set into the evaluation set, assigning a membership degree between 0 and 1. A
higher membership degree indicates a stronger association of the index with a certain level,
whereas a lower degree indicates a weaker association [45].

In this study, trapezoidal and trigonometric membership functions (Figure 4) are used
to determine the membership degrees.

After determining the membership degree function, the membership degrees are
calculated using Equations (20)–(22). The index membership degrees at different levels are
obtained by inputting the measured data into the membership degree function, forming
a fuzzy matrix. Only a portion of the fuzzy matrix for samples 1, 2, 3, and 5 is shown in
Table 7 due to space limitations.

Table 7. Fuzzy matrix of samples 1, 2, 3, and 5.

Sample Factor V IV III II I

1

I1 0 0 0 0 1
I2 0 0 0 0 1
I3 0 0 0 0 1
I4 0 0 0 0 1
I5 0 0 0 0 1

2

I1 0 0.75 0.25 0 0
I2 0 0.83 0.17 0 0
I3 0 0.76 0.24 0 0
I4 0 0.75 0.25 0 0
I5 0 0.58 0.42 0 0

3

I1 0 0.5 0.5 0 0
I2 0 0.66 0.34 0 0
I3 0 0.6 0.4 0 0
I4 0 0.5 0.5 0 0
I5 0 0.13 0.87 0 0

5

I1 0.748 0.252 0 0 0
I2 0.75 0.25 0 0 0
I3 0.66 0.34 0 0 0
I4 0.75 0.25 0 0 0
I5 0.682 0.318 0 0 0
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The CW is [0.120, 0.175, 0.121, 0.255, 0.329] T. In addition, the evaluation matrix Bi can
be obtained using Equation (13). The calculations of four examples are given below:

B1 = (0.120, 0.175, 0.121, 0.255, 0.329) ∗


0 0 0 0 1
0 0 0 0 1
0 0 0 0 1
0 0 0 0 1
0 0 0 0 1

 = (0, 0, 0, 0, 1)

B2 = (0.120, 0.175, 0.121, 0.255, 0.329) ∗


0 0.75 0.25 0 0
0 0.83 0.17 0 0
0 0.76 0.24 0 0
0 0.75 0.25 0 0
0 0.58 0.42 0 0

 = (0, 0.710, 0.290, 0, 0)

B3 = (0.120, 0.175, 0.121, 0.255, 0.329) ∗


0 0.50 0.50 0 0
0 0.66 0.34 0 0
0 0.60 0.40 0 0
0 0.50 0.50 0 0
0 0.13 0.87 0 0

 = (0, 0.418, 0.582, 0, 0)

B5 = (0.120, 0.175, 0.121, 0.255, 0.329) ∗


0.748 0.252 0 0
0.750 0.250 0 0
0.660 0.340 0 0
0.750 0.250 0 0
0.682 0.318 0 0

 = (0.716, 0.284, 0, 0, 0)

The calculation of other Bi values follows a similar approach.

5. Results and Discussion

The evaluation results (Table 8 and Figure 5) are obtained using Equations (25) and (26).
Table 8 and Figure 5 show that the rock stability grades for the samples are I, IV, III, IV,

V, and II, respectively. The selection of samples covers a range of surrounding rock stability
grades ranging from I to V, indicating that each sample is representative, and the correct
determination of multiple samples enhances the reasonability.

Table 8. Rock stability grade of six samples.

Sample V IV III II I Results

1 0 0 0 0 1 I
2 0 0.710 0.290 0 0 IV
3 0 0.418 0.582 0 0 III
4 0 1 0 0 0 IV
5 0.716 0.284 0 0 0 V
6 0 0 0 1 0 II

The rock stability grades are determined using the confidence criterion λ of 0.55.
For sample 2, the sum of the membership degrees (0 + 0 + 0.290 + 0.710) is 1, which is
greater than 0.55. Given that k = 4, the rock stability grade of sample 2 is determined to
be IV. For sample 3, the sum of the membership degrees (0 + 0 + 0.582) is greater than
0.55, and k = 3, so the rock stability grade of sample 2 is III. For sample 5, the sum of the
membership degrees (0 + 0 + 0 + 0.284 + 0.716) is 1, which is greater than 0.55. Given that
k = 5, the rock stability grade of sample 5 is V. The surrounding rock stability grades for
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the other sections can be obtained in a similar manner. Samples 1 and 6 are determined
to be I and II, respectively, indicating good quality of the surrounding rock with no need
for additional measures. Samples 2, 3, 4, and 5 are determined to be IV, III, IV, and V,
respectively, indicating poor quality. Reinforcement measures, such as bolt support, should
be taken.
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The relationship between the weight and results of some samples is analyzed using
single-factor sensitivity. The weights of each indicator are adjusted by ±5%, ±10%, and
±20% to study their impact on rock stability. Taking sample 2 as an example, the stability of
sample 2 show remains the same, that is, grade III, when the weight of factor I5 is reduced
by 5%. When the weight is reduced by 10% and 20%, the stability grade is from III to IV.
This shows that factor I5 has a greater influence on the stability of the surrounding rock
compared with the other indexes. Similar analyses can be performed for other samples.

The results obtained using the proposed method are compared with the uncertainty
measure method (UM) [46] and the TOPSIS method [47] to verify its validity and reliability.
The comparison results are presented in Table 9 and Figure 6.

Table 9. Comparison of different methods.

Sample Proposed
Model Actual Level Uncertainty

Measure Method
TOPSIS
Method

1 I I II I
2 IV IV IV III
3 III III II III
4 IV IV IV IV
5 V V IV IV
6 II II II II
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Figure 6 shows that the results obtained by different methods differ for different
samples. The UM method yields results that match the actual levels for samples 2, 4, and 6,
and the TOPSIS method’s results match the actual levels for samples 1, 3, 4, and 6. The
TOPSIS method calculates the closeness degree to determine the surrounding rock stability,
and the result may fall between two grades, making it difficult to obtain an accurate result.
The uncertainty measure method determines the stability using attribute measure values,
which involves constructing a nonlinear attribute measure function that can be complicated
and prone to large calculation errors. The proposed method is simple to calculate and
provides accurate and quick results for surrounding rock stability, making it suitable for
practical engineering. Field investigations have confirmed that the results of six samples
agree with the actual situation. Therefore, the proposed method demonstrates higher
precision, and its application to practical projects is feasible compared with the UM method
and TOPSIS method.

Although the method presented in this study has been successfully applied in practical
projects, it is worth noting that it still has some shortcomings and limitations:

(1) The number of selected sections in the study area is relatively small. Selecting a
large number of sections for analysis is recommended to further validate the pro-
posed model;

(2) The use of three different methods to calculate weights has improved the robustness of
the weights. However, the subjective influence is difficult to avoid when constructing
a judgment matrix in the IAHP.

In future research, more in-depth research will be conducted to address these limitations

6. Conclusions

In this study, an improved FCEM is proposed to evaluate the stability of surrounding
rock and provide guidance for safety control in practical engineering. Some conclusions
are as follows:
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(1) On the basis of the analysis of the actual situation and previous studies, five evaluation
indicators are selected: the rock quality designation (RQD), uniaxial compressive
strength (Rw), integrality coefficient of the rock mass (KV), strength coefficient of
the structural surface (Kf), and groundwater seepage (W). These indicators form the
evaluation system for surrounding rock stability, which is categorized into five grades
on the basis of the varying influence of each factor on the stability;

(2) The comprehensive weights are determined using a combination of subjective weights
through the IAHP and objective weights through CV analysis. The application of game
theory helps in obtaining more reasonable and accurate weight distributions for the
indicators. Subsequently, an improved FCEM is established, incorporating trapezoidal
and triangular membership degree functions to determine the membership degree of
each index at different levels. The traditional identification criteria of the model are
improved, and the surrounding rock stability grade is determined using confidence
criteria;

(3) The proposed model is applied to six sections in an actual project. Comparative
analysis with other methods demonstrates that the model provides more accurate and
efficient evaluations of the rock stability in different sections. The results of the model
are consistent with the field investigations, confirming its rationality and practical
value for underground engineering construction and design.
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Nomenclature

Symbol Description
A Interval Judgment matrix
a Interval number
X Weight vector
λ Consistency test coefficient
µ Consistency test coefficient
S Standard deviation
V Variation coefficient
x Measured value
α Correction coefficient of weight
F Factor set
E Evaluation set
f Membership function
u Boundary values of different grades
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R Fuzzy comprehensive judgment matrix
B Fuzzy comprehensive result
C Surrounding rock stability grade
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