% applied sciences

Article

Analytical Hierarchy Process-Fuzzy Comprehensive Evaluation
Model for Predicting Rockburst with Multiple Indexes

Xiaosheng Chuai % *, Longyong Shu ?*(J, Zhonggang Huo ? and Zhengshuai Liu 2

check for

updates
Received: 17 September 2025
Revised: 30 October 2025
Accepted: 31 October 2025
Published: 2 November 2025

Citation: Chuai, X.; Shu, L.; Huo, Z.;
Liu, Z. Analytical Hierarchy Process—
Fuzzy Comprehensive Evaluation
Model for Predicting Rockburst with
Multiple Indexes. Appl. Sci. 2025, 15,
11708. https://doi.org/10.3390/
app152111708

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

1 Chinese Institute of Coal Science, Beijing 100013, China

2 China Coal Research Institute, Beijing 100013, China; bqt1800605043@student.cumtb.edu.cn (Z.H.);
zeh@ustb.edu.cn (Z.L.)

State Key Laboratory of Digital Intelligent Technology for Unmanned Coal Mining, Beijing 100013, China
*  Correspondence: chuaixiaosheng@126.com (X.C.); slyccri@163.com (L.S.)

Abstract

Rockburst is a dynamic disaster that frequently occurs in hard and brittle rock tunnels un-
der high in situ stress conditions. It is influenced by multiple factors, including lithological
condition, in situ stress condition, and surrounding rock mass structural condition. Rock-
bursts are highly destructive and difficult to predict accurately. At present, many methods
have been proposed for predicting rockburst proneness. However, the above methods
suffer from a lack of diversity, limited applicability, and low predictive accuracy. Therefore,
based on the Analytical Hierarchy Process (AHP) method and fuzzy mathematics theory,
the eight evaluation indexes (strength brittleness index, stress coefficient, elastic energy
index, surrounding grade, etc.) were selected to establish the new AHP fuzzy comprehen-
sive evaluation model. Based on the field case studies, the feasibility and accuracy of the
model were validated. The results indicate that the proposed multi-index prediction model
demonstrates strong feasibility and high predictive accuracy, and the model has promising
application prospects. Meanwhile, the 13 recognized evaluation indexes were summarized,
and an approach for accurate rockburst prediction was proposed. The predicting model
and predicting approach proposed in this paper are of great significance for improving the
accuracy of rockburst prediction.

Keywords: rockburst; multi-indexes; AHP Fuzzy method; comprehensive evaluation
model; predicting; risk assessment

1. Introduction

When excavating tunnels, caverns, or underground roadways in high-stress and hard-
brittle rock masses, rockburst dynamic disasters are extremely likely to occur. Predicting
rockburst proneness has long been one of the major global challenges in rock engineering.
After tunnel excavation, the surrounding rock transitions from a triaxial stress state to
a biaxial stress state, causing stress concentration. The stress concentration leads to the
progressive accumulation of energy within the surrounding rock mass. The energy can be
released, inducing rockburst when it has accumulated to a certain level [1]. Rockbursts are
characterized by burstiness, destructiveness, and instantaneity, and are difficult to predict
in engineering practice. They frequently inflict catastrophic damage on underground
construction and directly endanger construction personnel and equipment [2]. Identifying
the main influencing factors of rockbursts and providing timely and accurate predictions
and prevention measures have become critical tasks in the construction of underground
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projects such as tunnels, mines, and hydropower works. At present, based on strength
theory, damage theory, and energy theory, the mechanism of rockburst occurrence has been
analyzed by numerous scholars [3,4]. Various methods have been proposed for predicting
rockburst proneness. However, most of these methods take into account only a few factors
affecting rockbursts and therefore are one-sided and limited in scope. Therefore, it is
essential to establish a predictive method for rockbursts that considers multiple influencing
factors, possesses objectivity and universality, and has a high precision rate.

Over the past few decades, domestic and international scholars have conducted exten-
sive studies on rockburst prediction. Firstly, some scholars use a single evaluation index
to predict the rockburst proneness. Rock mechanics parameters and in situ stress param-
eters were used to establish the rockburst prediction methods. These methods included
Russenes evaluation method [5], Turchaninov evaluation method [6], Hoek evaluation
method [7], Barton evaluation method [8], Kidybinski evaluation method [4], Hou FL
evaluation method [9], Lu JY evaluation method [10], Tao ZY evaluation method [11], Xu
LS evaluation method [12], Tan YA evaluation method [13], etc. As research progresses,
some new evaluation indexes have been proposed for predicting rockburst. The fractal
dimension of the rock surfaces was proposed to predict rockburst by Li [14]. A new index
of rockburst potential exponent was proposed by Zhang [15], and the corresponding critical
value was obtained. Based on energy storage and release characteristics, Yin [16] proposed
a new evaluation index to predict rockburst under combined static and dynamic loading.
Five-factor discriminant index was used to predict rockburst by Jia [17], and satisfactory
application results have been obtained in the Houziyan underground powerhouse. Based
on multi-physical field parameters, an integrated predicting method for rockburst mon-
itoring was proposed by Zhang [18], and the results indicated that the sensitivity of the
three monitoring techniques to rockburst was ranked as follows: visible-light imaging >
far-infrared > acoustic emission. Yang [19] proposed a new prediction index of the relative
energy release rate (per unit time) for predicting rockburst. Based on the energy storage and
release characteristics of the Type Il evolution curve, a new evaluation index C was obtained
by Cai [20]. Combining the local energy release rate (LERR) and the limit energy storage
rate (LERS), a new index of the rockburst energy release rate (RBERR) was proposed to
predict rockburst by Xu [21]. Based on the consideration of the pre-peak energy dissipation,
strain energy accumulation, and post-peak energy dissipation, a novel evaluation index G
for rockburst proneness was introduced by Mo [22]. The proposed approach addressed the
limitations inherent in two widely used rockburst proneness metrics—the elastic energy
index and the impact energy index. Based on the numerical simulation techniques, the
strain energy analysis method was proposed to predict rockburst by Wang [23]. Using the
disturbance-energy analysis, Cai [24] studied the basic criteria of rock mass conditions and
the geological factors for predicting rockbursts. Tan [25] found that the more inhomoge-
neous the coal-rock body was, the shorter the lasting time in the vibration period of AE
characteristics was, and this phenomenon can be used to predict the rockburst proneness.
Based on the micro-seismic monitoring technology and stress conditions under combined
dynamic and static stress, the comprehensive index Isp was obtained by He [26]. Based on
in situ stress conditions, energy accumulation theory, and numerical simulation method, a
new method was introduced to predict the potential location and strength of rockburst by
Miao [27]. He [28] proposed the classification grade of rockburst, the failure criterion of
rockburst, and the control method of rockburst. The above rockburst prediction methods
were easy to operate and achieved moderate predictive accuracy. However, the selection of
the evaluation index was limited, and the prediction method had significant limitations.
Thus, it is necessary to establish the multi-index evaluation method of rockburst to improve
prediction accuracy.
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Based on the mathematical-statistical method, some researchers have proposed an
integrated multi-indexes model for predicting rockburst. By comprehensively analyzing the
main evaluation indexes of rockburst, the maximum tangential stress, the rock compressive
strength, the rock tensile strength, and the elastic energy index were selected to establish a
rockburst prediction model. The models included the fuzzy mathematical model [29], the
matter—element model, the neural network model [30,31], etc. The new Bayesian network
model was established by Li for predicting rockburst, and its validity and accuracy were
verified by using 15 incomplete-case examples [32]. Based on fuzzy matter—element theory,
some major indexes were selected by Wang to establish the rockburst prediction model
including the brittleness index, surrounding rock stress, elastic strain energy index, and
rock integrality index [30]. Chen [33] developed a projection-pursuit model for predicting
rockburst, selecting the maximum tangential stress, stress coefficient, and elastic defor-
mation index as predictors. Based on the fuzzy theory and the neural network theory,
the fuzzy neural network model was developed by Li to predict rockburst [34]. Based on
an analysis of the primary factors related to rockburst, Chen developed a novel artificial
neural network model, and the results demonstrated its accuracy and reliability [31]. A
novel discrete Hopfield neural network (DHNN) model for predicting rockburst was in-
troduced by Xu, and it addressed the random and subjective nature of weight assignment
in conventional prediction methods [35]. Based on the artificial neural networks (ANN)
and AdaBoost algorithm approach, the integrated AdaBoost-ANN model was established
by Ge [36], overcoming the instability of single weak classifiers. Wang [37] established an
efficacy-coefficient analysis model for rockburst prediction based on the basic principles of
the efficacy coefficient. Based on the fuzzy probability theory, Liu developed a new fuzzy-
probability model for rockburst prediction [38]. Wang [39] established a Delphi—normal
cloud rockburst predicting model that mitigates both fuzziness and randomness in rock-
burst evaluation, demonstrating superior accuracy compared with the efficacy-coefficient
and set-pair analysis approaches. An unascertained measurement classification model was
introduced to predict rockburst by Shi [40], which showed good agreement with the fuzzy
comprehensive evaluation method, the clustering evaluation method, and matter-element
extension analysis method. The random forest (RF) model of rockburst prediction was
proposed by Dong [41], and its predictive accuracy was higher than that of support vector
machines (SVM) and artificial neural networks (ANN). Sun introduced a fuzzy neural net-
work rockburst predicting model optimized with an improved genetic algorithm combined
with backpropagation [42]. Gao proposed a modified ant-colony-clustering method for
rockburst prediction, which improves the computational efficiency and accuracy of the
traditional algorithm [43]. Qin used rough set theory to determine the weights of rockburst
evaluation indicators and established an Extenics-based evaluation model for rockburst
prediction [44]. According to the fuzzy inference system (FIS), adaptive neural-fuzzy infer-
ence system (ANFIS), and field measurements, Adoko established the knowledge-based
and data-driven fuzzy model to predict rockburst, and the model successfully provided a
prediction in a case study [45]. According to set pair analysis (SPA) theory and variable
fuzzy set function (VFS), Wang proposed the SPA-VFS model to predict rockburst [46].
Based on the fuzzy logic body theory, the acoustic emission characteristic parameters and
rock mechanics parameters were selected to establish a rule-based fuzzy evaluation model
by Liu [47]. Based on the multi-factor fuzzy evaluation index system, Guo proposed the
comprehensive fuzzy evaluation model to predict coal bursts [48]. Guo Y established a rock-
burst predicting model based on the theory of variable fuzzy sets [49]. Based on the inverse
weight analysis method, Chen developed a standardized fuzzy comprehensive evaluation
model, which overcomes the excessive subjectivity of weight assignments in traditional
models [50]. Based on the index-distance and uncertainty quantification method, Zhang
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established a finite-interval cloud model for predicting rockburst, and the model addresses
the ambiguity of measured indicator values and the fuzzy randomness of intensity classifi-
cation [51]. Using the combined-weighting (GEM-GW) method to determine the composite
indicator weights, Pei constructed a grey evaluation model for predicting rockburst [52].
Based on the principal component analysis (PCA) theory and fuzzy comprehensive eval-
uation (FCE) theory, the PCA-FCE comprehensive evaluation model was established to
predicting rockburst by Cai [53]. Zhou proposed an entropy—cloud rockburst prediction
model, which outperformed the Bayesian model, the k-nearest neighbors (KNN) algorithm,
and the random forest (RF) model in accuracy [54]. Based on rock engineering systems
(RES) theory, the engineering geologic factor, complex environmental factor, and human
excavation factor were used to establish the intelligent predicting model of rockburst by
Guo [55]. Wen investigated the calculation methods of single-index attribute measurements
and composite attribute measurements, and developed an attribute-recognition model for
rockburst prediction [56]. Using statistical theory, a distance-based discriminant analysis
model was established to predict rockburst proneness by Gong [57]. Using matter—element
theory and correlation functions, Xiong introduced a matter—element model for predicting
rockbursts [58]. Zhao used the support vector machine (SVM) classification method to
establish an SVM-based rockburst predicting model [59].These studies selected two to
four rockburst evaluation indexes to establish models for rockburst prediction, thereby
improving the reliability and accuracy of predicting results. However, the evaluation
indexes of surrounding rock structure conditions were not taken into account. Therefore,
further studies are required to enhance the accuracy of rockburst prediction.

Determining the weights of evaluation indexes is a critical step in establishing a rock-
burst predicting model. At present, the determination of indexes weights predominantly
relies on the fuzzy comprehensive evaluation method [38], Expert scoring method [60],
Analytic Hierarchy Process method [61], Artificial Neural Network method [31,34], and
Grey Relational analysis method [62], etc. Feng was the first to use an expert system to
conduct a systematic study of rockburst occurrences in South African deep gold mines [60].
Accounting for the fuzziness of weight assignments, Liu introduced the concept of fuzzy
weights and developed a fuzzy probability model to predict rockburst [38]. Using Grey
Relational analysis and fuzzy recognition theory, Jiang proposed a new approach to calcu-
lating weight and established a dynamic-weight grey classification rockburst predicting
model [62]. Although these methods can satisfy the evaluation requirements to some
extent, each of these methods exhibits certain shortcomings. For instance, the expert scor-
ing method is characterized by a high degree of subjectivity and is relatively difficult to
implement. The fuzzy comprehensive evaluation method assigns disproportionately high
weights to extreme values, and it can cause other information to be overlooked, resulting
in a loss of information. The evaluation accuracy of Artificial Neural Network methods
and Grey Relational analysis method is low. However, the Analytic Hierarchy Process
(AHP) has the advantage of taking into account a large number of evaluation indexes
and providing a comprehensive assessment, and it helps to reduce the subjectivity and
randomness involved in determining index weight.

The AHP-fuzzy comprehensive evaluation method was rarely used to predict rock-
burst. However, it has been widely applied in other fields. Based on the risk management
process and fuzzy logic theory, Khodadadi proposed the AHP-fuzzy comprehensive evalu-
ation method to determine and evaluate the risk propensity of contractors in construction
projects [63]. Based on the AHP-fuzzy comprehensive evaluation method, the collaborative
traffic predicting method for snow disasters was developed by Han [64]. Based on the
AHP method and fuzzy Delphi method (FDM), Yoo proposed the rock behavior index
(RBI) to identify quantitatively the mechanical behavior of rocks in shallow tunnels [65].
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Ye introduced the AHP-fuzzy comprehensive evaluation method to evaluate the stability
assessment of rockfalls [66]. Based on the AHP method, Ren developed a multi-level
hierarchical model to analyze campus fire risk [67]. Liang introduced the AHP method to
determine the component weighting factors for the integrity assessment units of natural
gas compressors [68]. Hu used the AHP method to determine the weights of the evaluation
indexes in the assessment system of enterprise wastewater treatment [69].

Based on the above studies, it can be concluded that the single-index rockburst pre-
diction methods select relatively few indexes and thus cannot comprehensively reflect the
main factors influencing rockbursts, resulting in inherent limitations and low prediction
accuracy. The multi-index rockburst prediction approaches consider only lithological condi-
tion and stress condition while neglecting the surrounding rock structural condition, so the
accuracy of rockburst prediction remains insufficient. At present, the weights of evaluation
indexes are usually determined by the expert scoring method, the Artificial Neural Network
method, and the Grey Relational analysis method; these methods are characterized by high
subjectivity and low evaluation precision. However, the AHP-fuzzy comprehensive evalua-
tion model can comprehensively account for multiple factors affecting rockbursts, including
the lithological condition, stress condition, and surrounding rock structural condition. This
method can realize the quantitative analysis for evaluation indexes, reduce the subjectivity
in determining weights and increase the accuracy of the predicting model. Therefore, based
on the Analytical Hierarchy Process (AHP) method and the fuzzy mathematics theory, the
eight evaluation indexes (strength brittleness indeXx, stress coefficient, elastic energy index,
surrounding grade, etc.) were selected to establish the new AHP fuzzy comprehensive
evaluation model. Based on the field case studies of Jinping II Hydropower Station, the
feasibility and accuracy of the model were validated. The results indicate that the proposed
multi-index prediction model demonstrates strong feasibility and high predictive accuracy
and that the model has promising application prospects. Meanwhile, the 13 recognized
evaluation indexes were summarized, and an approach for accurate rockburst prediction
was proposed. The predicting model and predicting approach proposed in this paper are
of great significance for improving the accuracy of rockburst prediction.

2. AHP Fuzzy Comprehensive Evaluation Theory

In traditional rockburst prediction approaches, either one metric was used, or the
weighting of metrics was strongly affected by human factors, reducing the effectiveness
and accuracy of prediction. However, the AHP—fuzzy comprehensive evaluation method
combined quantitative and qualitative approaches by considering multiple indexes. The
approach used expert experience to mitigate subjective arbitrariness and thereby increased
the reliability and accuracy of the discriminative results.

This method involved three main steps for predicting rockburst [70]. Firstly, based
on the case study and mechanism analysis, the main evaluation indexes were determined
for predicting rockburst. A set of evaluation indexes for the predicting-level classification
model was obtained by applying mathematical statistical analysis, numerical calculation,
and expert scoring to the various rockburst indexes. Secondly, each index was fuzzified
by using an appropriate membership function, and the weights were assigned to the
evaluation indexes from lower levels up to higher levels. Thirdly, the fuzzy evaluation
method was used to determine the grade of rockburst prediction.

2.1. AHP Method

Based on the network system theory and multi-objective comprehensive evaluation
method, the AHP method was a decision-making analysis method proposed by American
operations researcher T.L. Saaty [71]. The AHP method was applied to analyze and
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determine the index weights; it involves four steps [72]. Firstly, the relationships among
the factors in the system were investigated to establish a hierarchical structure model of
the system. Secondly, pairwise comparisons of elements situated at the same hierarchical
level were performed to quantify their relative importance under a specified criterion
from the higher level, and the corresponding pairwise comparison matrix was constructed.
Thirdly, the judgment matrix was used to calculate the relative weights of the elements
being compared for that criterion. Fourthly, the composite weights of elements at each level
were calculated and ranked with respect to the overall system goal.

2.1.1. Establishing the Hierarchical Structure Model

A key step in the AHP method was to construct the hierarchical structure model. The
research goal was analyzed systematically to determine the multiple evaluation indexes.
Then, the sub-indexes for each evaluation index were determined, and the top-down
hierarchical dominance relationship was constructed. The hierarchical structure model is
shown in Figure 1.

Research goal Goal level
T ///‘\“‘\-._\\
/ \-‘\_‘i
Revaluation index 1 Revaluation index 2 Revaluation index 3 Criteria level
i il
__g;{f‘—’f}\\ ,/‘::*j
Sub evaluation index 1 Sub evaluation index 2 Sub evaluation index 3 Sub criteria level

Figure 1. The hierarchical structure model.

2.1.2. Constructing the Judgement Matrix

After establishing the hierarchical structure model, the dominance relationships among
the evaluation indexes have been determined. The weight of sub-indexes was determined.
It was assumed that problem A has the evaluation indexes By, By,. .., By. Therefore, the
judgement matrix B can be constructed as follows.

bir b - by,
byy by - by

B=| . ) ) ) 1)
bnl bnz e bnn

where b;; represents the compared result of the column B; and column B;, and b;; =1/b
i=1,2,..,nj=12,.,m.
The 1~9 scale method was applied to determine the b; value. The ratio of each

ijs

evaluation indexes can be obtained to construct the judgement matrix, as shown in Table 1.

Table 1. The 1~9 sign method for determining the relative importance of indexes.

Scaling Meaning
1 Compared with two indexes, it is equally important.
3 Compared with two indexes, one index is slightly more important than the other.
5 Compared with two indexes, one index is obviously more important than the other.
7 Compared with two indexes, one index is strongly more important than the other.
9 Compared with two indexes, one index is extremely more important than the other.
Inverse If the ratio of index i to index j is bj;, then the ratio of index j to index 7 is 1/b;;.

They are the intermediate values between the above adjacent judgment

2,4,6,8 indexes, respectively.
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2.1.3. Ranking Single Evaluation Index and Checking Consistency

The judgment matrix B is the reciprocal judgment matrix. Based on the Perron theorem,
matrix B has a unique largest eigenvalue, denoted A5y. The largest eigenvalue was usually
estimated by the power method, the row-sum method, the root-finding method, and the
logarithmic least-squares method. In this paper, the largest eigenvalue was calculated using
a root-finding method. The steps were as follows [67].

(1) For each row of the judgment matrix, the n-th root of the product of its elements was
be calculated.

Wi = H]r-l:l bij 2)

where W; is the n-th root of the product of the elements in the i-th row. The order of the
judgement matrix is n. The element of the matrix is b;;.
Therefore, the eigenvector W was be obtained.

W= [, Wy, W, 3)

(2) W was normalized as follows.

W;
Wi= = lW (4)
i=1"Vi

where Wi, is i-th element of the eigenvector. Therefore, the approximate eigenvector was
obtained by Equation (4). It is also the relative weight of the evaluation indexes.

(3) The maximum eigenvalue of the judgment matrix was calculated.

" B.W
Amax = - (5)
max l=21 nw;
where B; is the i-th row vector of the judgment matrix.
Then, Ay was subjected to a consistency test as follows.

The consistency index was expressed as follows.

Apax — 1

Cl= 1

(6)
where CI is the consistency index and A,y is the maximum eigenvalue.

The average consistency index RI was calculated. RI was obtained by repeatedly
calculating the principal eigenvalue of randomly generated judgment matrices and taking
the arithmetic mean of those values, as shown in Table 2.

Table 2. The average consistency index for matrices of different orders was obtained by repeating the
computation 1000 times.

Order n RI Ordern RI Ordern RI
1 0.00 6 1.26 11 1.52
2 0.00 7 1.36 12 1.54
3 0.52 8 1.41 13 1.56
4 0.89 9 1.46 14 1.58
5 1.12 10 1.49 15 1.59
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The consistency ratio CR can be expressed.
CR = CI/RI )

where CR is the consistency ratio and RI is the average consistency index.

Forn=1or 2, Rl is equal to 0. For n > 3, the CR could be obtained by Equation (7). If
CR <0.10, the judgment matrix was regarded as meeting the required level of consistency.
Otherwise, the comparison values in the judgment matrix for the evaluation indexes were
revised until satisfaction.

2.1.4. Ranking Overall Indexes and Checking Consistency

The overall ranking of hierarchy is the weight vector of all bottom-level evaluation
indexes with respect to the overall objective, and it needs to perform multi-level combina-
torial computations. The top-down approach was used to calculate weights, synthesizing
them layer by layer. The combination weight WX in k-th level was calculated as the product
of the relative weight R¥ of n indexes in this level and the combination weight W<~ of m
indexes in the upper level. It could be expressed as follows [73,74].

" _
L Wi
Wfl sz W{(m Wicil ];1 i W{C
k k k k—1 k k=1 k
Wk — REpk-1 Wy Wy o Wo, | [V, _ El WZJW] _ W ®)
Wk Wk L. Wk kal m : Wk
nl n2 nm m k k—1 n
J; Wn].Wj

where WF is the combination weight of the k-th level indexes with respect to the overall
objective. Wk—1 is the combination weight of the (k — 1)-th level indexes with respect to the
overall objective. R is the relative weight of the k-th level indexes. Wkl-j is the weight in
k-th level of the i-th row and the j-th column,andi=1,2,...,n;j=1,2,..., m.

The consistency of the total sorting result was also checked. The comprehensive ratio
couldbe expressed at the k-th level.

CRF = cI¥/RI* 9)

where CR is the comprehensive ratio in the k-th level, CI is the consistency index in the
k-th level, and RIF is the average consistency index of the judgment matrix in the k-th level.
Therefore, CIF and RI* could be expressed as follows.

m
k _ k—1,~71k
CI* = ];w Cr} (10)

where Cij is the consistency index of the j-th element in the k-th level. WX~1 is the
combination weight of each index in the (k — 1)-th level.

m
RI* = Y W*IRIF (11)
j=1

where RIF j is the average consistency index of the j-th element in the k-th level.
If CR¥ < 0.10, the overall consistency of the judgment matrix was acceptable. Otherwise,
it needed to be calculated again.
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2.2. Fuzzy Comprehensive Evaluation Method

The fuzzy comprehensive evaluation method was adopted in the paper. Firstly, based
on the measured values of the evaluation indexes, it was to perform the single-factor
evaluation and construct a single-factor fuzzy relation matrix. Secondly, the contribution
rate of each index for the evaluation goal was determined. Through fuzzy transformation,
the judgment set was obtained. Finally, the final evaluation result was obtained based
on the maximum membership principle [61,75]. The steps of the fuzzy comprehensive
evaluation method were as follows.

2.2.1. Determining the Factor Set and the Prediction Set

The qualitative assessment of each evaluation index was performed by determining
the factor set and the prediction set. The U is defined as the factor set, and the V is defined
as the prediction set.

{ U = [uy, up,u3, - , U] (12)

V= [V1/V2/ V3, r /Vm]
where U is the set of n evaluation factors. V is the set of m prediction indexes.

2.2.2. Determining Fuzzy Relation Matrix

The fuzzy relation matrix R was a fuzzy relation of the factor set U and the prediction
set V. It could be expressed as follows.

1 2 -0 Tm
a1 T2 o Tom

R=(rj)=|. ) ) ) (13)
"ml Yn2 - Tum

where R is the fuzzy relation matrix. rij is the element of the fuzzy relation matrix, and 0 < rij < 1.
nm represents the membership degree of the m-th prediction with respect to factor n, and i
=1,2,..,mj=1,2,...,m.

2.2.3. Fuzzy Comprehensive Prediction

In the paper, the weight set W of each evaluation index was determined. It was
expressed as follows.
W - [WllWZ/ o /WH] (14)

Based on the fuzzy relation matrix R and weight set W, the comprehensive prediction
was conducted. The fuzzy subset A could be expressed as.

A= WeR (15)

where A is the prediction set of the evaluation index. W is the weight set for graded
prediction indexes. R is the fuzzy relation matrix. “e” is the composite operator of the
fuzzy relation.

If the weights of the evaluation index and the fuzzy relation matrix could be deter-

mined, the comprehensive evaluation result could be expressed as [76].

1 2 -0 Tm

a1 T2 o Tom
A= [WIIWZ/ Tty Wn]' . . . . (16)

"nl Tn2 - Tum
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where A = [A1, Ay,..., Anl, and Ay, is the membership degree of the m-th evaluation
grade. The maximum membership degree A; was the final evaluation grade. Therefore, a
comprehensive prediction result could be obtained by Equation (16).

2.3. AHP-Fuzzy Comprehensive Evaluation Model

It is critical to determine the weight of the evaluation index for predicting rockburst.
In the traditional prediction method, the expert scoring method is adopted to calculate the
weight, and it is characterized by a high degree of subjectivity. Therefore, the AHP-fuzzy
comprehensive evaluation method was proposed to predict rockburst, as shown in Figure 2.
This method is composed of the AHP model and the fuzzy evaluation model. The AHP
model was used to determine the weights of evaluation indexes, and the specific compu-
tational procedures are as follows: building a hierarchical structure model, structuring a
judgment matrix, ranking single and total indexes, checking consistency, and determining
the weight of each index. The fuzzy evaluation model was used to judge the rockburst
grade, and the specific computational procedures are as follows: quantifying evaluation
indexes, determining evaluation grade, determining membership function, calculating
membership grade of index, and building fuzzy relation matrix. Thus, the AHP method
was used to analyze the evaluation indexes and criteria of rockburst occurrence and es-
tablish the hierarchical structure model. Then, the weights of each evaluation index were
determined, and the consistency was checked. Finally, the weight results were applied to
the fuzzy evaluation framework. Because of the objectivity and reliability of the AHP-fuzzy
comprehensive evaluation, it can be applied to predict rockburst.

Determining evaluation indexes

AHP method | | Fuzzy evaluation method
v v

Step 1: Building hierarchical structure model Step 1: Quantifying evaluation indexes

Step 2: Structuring judgement matrix Step 2: Determining evaluation grade

Step 3: Ranking single index, checking consistency Step 3: Determining membership function
' '

Step 4: Ranking total index, checking consistency Step 4: Calculating membership grade of index

Step 5: Determining weight of each index Step 5: Building fuzzy relation matrix

| |

AHP-Fuzzy comprehensive evaluation

Figure 2. AHP-fuzzy comprehensive evaluation method.

3. Application of the AHP-Fuzzy Comprehensive Evaluation Method in
Rockburst Prediction

In practice, a single index often cannot adequately represent or assess the safety of a
complex system. It indicates that conventional prediction methods are inadequate to satisfy
the requirements of practical application [77]. However, the AHP-fuzzy comprehensive
evaluation method can effectively resolve this problem [78]. Therefore, the AHP-fuzzy
comprehensive evaluation method was used to establish a quantitative model for predicting
rockburst in the paper. The method possesses theoretical and practical significance.

3.1. Determining Prediction Set of Rockburst Grade

The rockburst proneness was used to characterize the probability and magnitude of
rockburst occurrence. Different judgment methods can be used to provide either quantita-
tive or qualitative characterizations. In accordance with the engineering practice, rockburst
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proneness is uniformly classified into four levels, including no rockburst, weak rock-
burst, medium rockburst, and strong rockburst [79]. Therefore, the graded judgment set
of rockburst can be defined as A = [No rockburst, Weak rockburst, Medium rockburst,
Strong rockburst]. In the judgment set, each evaluation index denotes the proneness for
rockburst occurrence.

3.2. Evaluation Indexes and Criteria for Predicting Rockburst

According to domestic and international research, rockbursts were primarily con-
trolled by three factors, including the lithological condition, stress condition, and sur-
rounding rock condition [80]. The eight evaluation indexes were selected to consider the
three aspects of influencing factors. The strength brittleness coefficient, elastic deformation
energy index, and linear elastic energy can effectively reflect the lithological condition
associated with rockburst and are widely used. The stress index, stress coefficient, and T
criterion can effectively reflect the stress condition. The RQD indicator and the surround-
ing rock classification can effectively reflect the surrounding rock condition and are also
widely applied. The above eight evaluation indexes are quantitative, which can improve
the accuracy of predicted results. The eight evaluation indexes have advantages such as
strong operability and ease of acquisition. Therefore, in the paper, the evaluation indexes
of rockburst were selected as follows.

(1) On the lithological condition, the evaluation indexes included the strength brittleness
coefficient B [81], elastic deformation energy index W,; [4], and linear elastic energy
We [82].

(2)  On the stress condition, the evaluation indexes included the stress index S [83], stress
coefficient P [84], and T criterion [6].

(8) On the surrounding rock condition, the evaluation indexes included the RQD indica-
tor [85] and the grade of surrounding rock classification [86].

The precise definitions of the eight evaluation indexes discussed above are as follows.

(1) The strength brittleness coefficient is defined as the ratio of the uniaxial compressive
strength and the tensile strength. The rockburst proneness can be determined by the
method of the strength brittleness coefficient [81]. The bigger the B value, the greater
the proneness of rockburst occurrence. It can be expressed as follows.

B=o./0 17)

where B is the strength brittleness coefficient; o, is the uniaxial compressive strength; and
ot is the tensile strength.

(2) The elastic deformation energy index is defined as the ratio of the elastic deformation
stored energy and the plastic deformation dissipating energy. The elastic strain
energy accumulated in the rock is the primary internal dominant factor for rockburst
occurrence. Therefore, A. Kidybinski proposed the elastic deformation energy index
to predict rockburst [4]. By conducting the experimental test, under the condition
of loading to 75-85% of the rock sample peak strength and then unloading to zero,
the ratio of the area of the unloading curve to the area enclosed between the loading
and unloading curve is the elastic deformation energy index, as shown in Figure 3.
The bigger the W, value, the greater the rockburst proneness. It can be expressed
as follows.
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Figure 3. The calculating curve of the elastic deformation energy index.
Wer = cpst/q)sp (18)

where W,; is the elastic deformation energy index. @ is the plastic deformation dissipating
energy. @, is the elastic deformation stored energy.

(3) During uniaxial compression of the rock specimen, linear elastic energy is defined as
the accumulated elastic energy before prior to attainment of the peak strength [82].
The sample was unloaded while the loading was close to the peak strength. The
loading—unloading curve was obtained to calculate the unloading tangent modulus,
as shown in Figure 4. The bigger the W, value, the greater the rockburst proneness. It

can be expressed as follows.
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Figure 4. The calculating curve of the unloading tangent modulus.
W, = 0% /2E; (19)

where W, is linear elastic energy and E; is the unloading tangent modulus.

(4) The stress index S is defined as the ratio of the maximum value of in situ stress and
the compressive strength of rock [83]. The bigger the S value, the bigger the possibility
of rockburst occurrence. The stress index accounts for both the stress state of the rock
mass and the rock mechanical properties. It can be expressed as follows.

S = Omax/0¢ (20)

where S is the stress index and 0,y is the maximum value of in situ stress.

(5) The stress coefficient is the ratio of the maximum tangent stress and the compressive
strength of the rock [84]. The bigger the P value, the bigger the possibility of rockburst
occurrence [29]. It can be expressed as follows.

P=u0y/0, (21)

where P is the stress coefficient and oy is the maximum tangent stress.
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(6) The T criterion is the ratio of the sum of the tangential stress and the axial stress in the
tunnel to the uniaxial compressive strength of rock. The bigger the T value, the bigger
the possibility of rockburst occurrence. It can be expressed as follows.

_ogtog

=

T (22)

where ¢} is the axial stress of the tunnel.

(7) The RQD indicator is defined as the ratio of the cumulative length of core pieces > 10
cm to the total drilled length [85]. The bigger the RQD value, the bigger the possibility
of rockburst occurrence. It is expressed as follows.

RQD = (L,/Ly) x 100 (23)

where RQD is the rock quality designation. L, is the cumulative length of core pieces > 10
cm. Ly is the total drilled length.

(8) The rockburst occurrence is closely related to the fragmentation degree of the sur-
rounding rock, and it is divided into five grades [86]. Grade I has characteristics of
fresh and integral rock, minimal structural influence, undeveloped joint cracks, and
no weak structure planes. Grade II has characteristics of fresh and slightly weathered
rock, affected generally by structure, slightly developed joint cracks, and little weak
structural surface. Grade III has characteristics of slightly weathered rock, developed
geologic structure, and numerous weak structural surfaces. Grade IV of the surround-
ing rock is similar to Grade III, and it has characteristics of well-developed faults
and many weak structural surfaces. Grade V surrounding rock is lumpy material,
including gravel, pebble, and gravel soil.

The grade of rockburst occurrence corresponding to the surrounding rock classification
IS as follows. Strong rockburst may occur in the surrounding rock classified as Grade I
and II. Medium rockburst may occur in the surrounding rock classified as Grade III. Weak
rockburst may occur in the surrounding rock classified as Grade IV. Grade V surrounding
rock would not cause rockburst.

By collecting the evaluation index and criteria for predicting rockburst from domestic
and international sources, this paper shows the corresponding relation between eight
evaluation indexes and rockburst occurrence grades, as shown in Table 3.

Table 3. The criterion of rockburst grade is based on 8 evaluation indexes.

Rockburst Discrimination Criterion

Number Evaluation Indexes No Weak Medium Strong
Strength brittleness
G coefficient B [81] >40.0 40.0-26.7 26.7-14.5 <14.5
Elastic deformation energy

C, index Wiy [4] <2.0 2.0-3.5 3.5-5.0 >5.0
Cs Linear elastic energy W, [82] <40 40-100 100-200 >200
Cy Stress index S [83] <0.15 0.15-0.20 0.20-0.25 >0.25
Cs Stress coefficient P [84] <0.30 0.30-0.50 0.50-0.70 >0.70
Cs T criterion T [6] <0.30 0.30-0.50 0.50-0.80 >0.80
Cy RQOD indicator (%) [85] <0.25 0.25-0.50 0.50-0.70 >0.70
Cs Surrounding rock v v 1 I 1

classification [86]
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3.3. Analysis Hierarchical Structure of Rockbust
3.3.1. Establishing Hierarchical Structure Model of Rockburst

The hierarchical structure model of rockburst occurrence is shown in Figure 5. A
represents the proneness of rockburst occurrence. By, By, and B3 represent the lithological
condition, the stress condition, and the surrounding rock condition, respectively. C;~Cg
represent the strength brittleness coefficient, the elastic deformation energy index, the linear
elastic energy, the stress index, the stress coefficient, the T criterion, the RQD indicator, and
the surrounding rock classification, respectively.

Rockburst tendency 4
Lithologic condition B, Stress condition B, Surrounding rock condition B;
Strength Elastic Linear Surrounding
. deformation ’ Stress Stress T RQD
brittleness elastic A 5 R, 5 rock
5 Energy index Coefficient criterion indicator . .
coefficient index energy C c C c classification
Cl C2 C3 4 5 6 7 Cﬂ

Figure 5. The hierarchical structure model of rockburst on the 8 evaluation indexes.

3.3.2. Building the Judgment Matrix of Evaluation Indexes for Predicting Rockburst

After building the hierarchical structure model, the 1-9 proportional scaling method
was adopted to determine the judgment matrix. In the judgment matrix, the number
1 indicates that the two evaluation indexes are equally important for rockburst. The
number 9 indicates that the former index is more extremely important than the latter index
for rockburst. Similarly, the meanings of the intermediate numbers can be obtained, and
the quantitative meanings are shown in Table 1. In the paper, the Delphi method was used
to determine the values in the pairwise comparison matrix. The scores are from the expert
scoring database in the field of rockburst. The AHP expert scoring method is different
from the traditional expert scoring method. This scoring method can overcome subjectivity
and achieve quantitative evaluation and analysis because the Analytic Hierarchy Process
(AHP) method has a step of checking the consistency. If the consistency ratio was less than
0.10, it indicated that the judgment matrix was regarded as meeting the required level of
consistency and the expert scoring method was reasonable. Otherwise, it was revised to the
comparison values until satisfaction. Therefore, the four judgment matrices were obtained,
as shown in Table 4.

Table 4. Judgment matrix.

A By B, B3 B4 C1 Cz C3 B, C4 C5 C6 B3 C7 CS
By 1 1 2 C 1 /3  1/2 G4 1 2 1/2 G 1 1/3
B, 1 1 3 C, 3 1 2 cs 12 1 1/2 G 3 1
By 1/2 1/3 1 G, 2 /2 1 Ce 2 2 1

3.3.3. The Single-Hierarchy Ranking Results of Rockburst

The weights of each evaluation index were calculated in judgment matrix A-B;~B3.
The calculated process was as follows:

(1) The n-th roots of the product of each row element were calculated in judgment matrix
A-B1~Bs. The data in Table 4 were substituted into Equation (2) as follows.
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_ 3

Wi = 3/ T byj = v1x1x2=12599
j=1

_ 3

W, = 3 Hlsz = J1Tx1x3=14422 (24)
]:

_ 3 /1 1

Wi = 3/ TI bsj = {/5 X z x1=10.5503
i 273

where Wj is the third root of the product of the elements in the first row. W; is the third
root of the product of the elements in the second row. Wj is the third root of the product of
the elements in the third row.

Therefore, the eigenvector W can be obtained.

W = (1.2599,1.4422,0.5503) " (25)

(2) W was substituted into Equation (4) as follows.

A 1.2599
W, = - = 0.3874
3 1.2599 + 1.4422 + 0.5503
LW,
1=
Wy 1.4422
27 3 7 1.2599 1 1.4422 + 0.5503 3 (26)
LW,
1=
Wy 0.5503
W3 = - = 0.1692
7 1.2599 + 1.4422 + 0.5503
'21 Wi
1=

where W is first element of the eigenvector. W5 is the second element of the eigenvector.
W3 is the third element of the eigenvector.

Therefore, the approximate value of the eigenvector W = (0.3874, 0.4434, 0.1692)" can
be obtained. It is also the relative weight of each evaluation index.

(8) The above results were substituted into Equation (5) to obtain the maximum eigen-
value Ayy.

= B;W 11642 1.3334 0.5082

Amaz = Z; nW, 3% 03874 | 3x 04434 T 3x0.1692

=3.0184 (27)

(4) The consistency of the maximum eigenvalue was checked as follows.

Amax —n _ 3.0184 —3
n—1  3-1

Because the dimension 7 is 3, the average consistency index RI is equal to 0.52.

Cl= = 0.0092 (28)

The CI and RI values were substituted into Equation (7) to obtain the CR value.

= CL_ 0009 5197 < 01 (29)

CR= RI~ 052

It was indicated that the single-hierarchical hierarchy ranking results of rockburst
could satisfy the demand of the consistency check.

Similarly, the single-hierarchy ranking results were calculated on the judgment matrix
B1-C1~C3, the judgment matrix By-C4~Cy and judgment matrix B3-C7~Cg, respectively,
as shown in Table 5. The CR values of the four judgment matrixes were less than 0.1,
and this indicated that the four judgment matrixes had relatively good consistency. The
single-hierarchy ranking results of four judgment matrixes satisfied the demand of the
consistency check.
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Table 5. The single-hierarchy ranking results of 8 evaluation indexes for predicting rockburst.

Judgment Matrix Weight Vector W Amax CI CR Consistency
A-B1~B3 (0.3874, 0.4434, 0.1692)T 3.0184 0.0092 0.0177 Accepted
B1-C1~C3 (0.1634, 0.5396, 0.2970)T 3.0093 0.0047 0.0090 Accepted
By-Cy~Cg (0.3108, 0.1958, 0.4934)T 3.0536 0.0268 0.0515 Accepted
B3-C7~Cg (0.2500, 0.7500)™ 2.0000 0.0000 0.0000 Accepted

As shown in Table 6, the weights of By, By, and B3 indexes are 0.3874, 0.4434, and
0.1692, respectively. It shows that the importance of the three evaluation indexes for
rockburst occurrence is as follows: stress condition > lithological condition > surrounding
rock condition. In the criterion layer of lithological condition, the elastic deformation
energy index was the most important index for predicting rockburst. In the criterion
layer of stress condition, the stress index and T criterion were more important indexes for
predicting rockburst. In the criterion layer of surrounding rock condition, the surrounding
rock classification index was the most important index for predictingrockburst.

Table 6. The overall hierarchy ranking results of 8 evaluation indexes for predicting rockburst.

A-B Rank
B-C Rank B1 B, Bs Weight of Total Ranking Total Ranking CR
0.3874 0.4434 0.1692

Cy 0.1634 0.0000 0.0000 0.0633 7

C, 0.5396 0.0000 0.0000 0.2090 2

Cs 0.2970 0.0000 0.0000 0.1151 5

Cy 0.0000 0.3108 0.0000 0.1378 3 0.0315
Cs 0.0000 0.1958 0.0000 0.0868 6 Accepted
Ce 0.0000 0.4934 0.0000 0.2188 1

Cy 0.0000 0.0000 0.2500 0.0423 8

Cg 0.0000 0.000 0.7500 0.1269 4

3.3.4. The Overall-Hierarchy Ranking Results of Rockburst

Based on the overall-ranking principle in the AHP method, the weights of each evalu-
ation index with respect to the overall objective were calculated, and the total hierarchical
consistency of the judgment matrix was checked.

The evaluation indexes weights for predicting rockburst were substituted into Equa-
tion (8) to obtain the overall hierarchy ranking result.

m
W =) WWj; (30)
=1

where W; is the weight of each evaluation index in third level for predicting rockburst. The
Wi is the weight of each evaluation index in second level for predicting rockburst. The Wj;
is the weight in the third level of the i-th row and the j-th column, andi=1,2,...,8;j=1,2, 3.

The each weight of single-hierarchy ranking result was substituted into Equation (30)
to obtain the comprehensive weight. For example, the comprehensive weight W; was
as follows.

m
Wi = Z W;Wy; = 0.3874 x 0.1634 + 0.4434 x 0+ 0.1692 x 0 = 0.0633 (31)
j=1

Similarly, the comprehensive weight of each evaluation index for rockburst proneness
can be obtained W = (0.0633, 0.2090, 0.1151, 0.1378, 0.0868, 0.2188, 0.0423, 0.1269)".
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The consistency of the overall hierarchy ranking results was checked. The data in
Table 5 were substituted into Equations (9)~(11) to obtain the consistency ratio.

CR — 0.3974 x 0.0047 4 0.4434 x 0.0268 + 0.1692 x 0.0000
N 0.3974 x 0.52 + 0.4434 x 0.52 4 0.1692 x 0.00

=00315<01 (32

Because CR is less than 0.1, the overall hierarchy ranking results had relatively good
consistency. Therefore, the weights of the evaluation indexes determined by the above
AHP method are reasonable. The overall hierarchy ranking results of rockburst are shown
in Table 6.

The results indicated that the contribution degree of each evaluation index to rockburst
occurrence was different. The contribution degrees are presented in descending order of
magnitude: the T criterion, the elastic deformation energy index, the stress index, the
surrounding rock classification, the linear elastic energy, the stress coefficient, the strength
brittleness coefficient, and the RQD indicator.

3.4. AHP-Fuzzy Comprehensive Evaluation for Predicting Rockburst

Based on the distribution characteristics of the evaluation indexes, the membership
function of each index for classifying rockburst grade had a k-th order parabolic fuzzy
distribution. In the paper, the membership function was defined as the half-step staircase
distribution function [87]. Setting the order k = 1, the distribution function is as follows.

1 x; < a; (%)k x; < a;
ui(x;) = (Zi:;(;)k a; < x; < by, u2(x;) =11 a; <x; < b;
0 x; < b (%)k x; > b; (33)
()" e o e
ug(x;) =4 1 . bi <x; < ,ua(x;) = (fj:g:)k bi < x; <
(Z%ZZ) X; > ¢ 1 Xi > ¢

where x; is i-th evaluation index of rockburst. u;(x;) is the membership degree of the i-th
evaluation index to the n-th grade of rockburst proneness. a;, b; and c; were the critical
values of i-th factor corresponding to I~IV Grade rockburst, respectively, as shown in
Table 3.

The critical values in Table 3 were substituted into Equation (32). Each evaluation
index can be calculated to obtain the four membership functions. Therefore, the eight
evaluation indexes were calculated to obtain the 32 membership functions. Through
the laboratory test and field measurement, the measured values of the eight evaluation
indexes and discrimination criteria were obtained to perform the comprehensive prediction.
Meanwhile, the eight sets of fuzzy relation matrix were obtained. Therefore, the fuzzy
relation matrix R of eight rows and four columns could be obtained to predict the rockburst
proneness.

The fuzzy relation matrix R and the compressive weight matrix W were substituted
into Equation (16) to obtain the compressive evaluation set A. Based on the maximum
membership principle, the rockburst proneness of the specific project could be predicted
synthetically.

4. Engineering Case Application

The auxiliary hole of the Jinping-II Hydropower Station is characterized by complex
geological structures, well-developed faults, deep burial depth, and relatively high in situ
stress. Tunnel excavation is likely to cause stress redistribution and energy concentration.
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The study area presents the typical physical conditions associated with frequent rockbursts.
On the one hand, the tunnel is characterized by its long length and large cross-section,
representing the engineering conditions of similar deeply buried large-scale energy in-
frastructures both domestically and internationally. The tunnel faces a long-term risk of
surrounding rock failure during the construction and operation stages, making it an appro-
priate object for rockburst prediction research. On the other hand, there are ample historical
events and representative cases of rockburst. It provided real labeled samples for model
training and validation, and it was helpful for the evaluation of the model’s robustness and
its applicability in engineering practice. Research on the rockburst prediction in this region
carries significant engineering, social, and economic implications and therefore has high
research value. Rockburst disasters can cause major casualties, equipment damage, and
production stoppages, so predicting outcomes for this project has immediate engineering
value and potential for broader application. Therefore, the case of an auxiliary hole in the
Jinping-II Hydropower Station was selected for the study. It both reflects the core technical
challenges of rockburst prediction and ensures that the study’s conclusions have practical
engineering applicability.

The AHP-fuzzy comprehensive evaluation model was applied to predict rockburst
in the auxiliary hole of the Jinping-II Hydropower Station. The geological condition is as
follows. The tunnel of the auxiliary hole has a length of 17.23 km. The mechanical property
of the surrounding rock is very complex, mainly composed of marble, sandstone, and slate.
The faults are well developed, and the tunnel is located in a high-stress zone. The tunnel
was divided into nine stages to predict rockburst, including the KO~550 m, K550~1500 m,
K1500~5000 m, K5000~8100 m, K8100~10,000 m, K10,000~13,500 m, K13,500~15,000 m,
K15,000~16,200 m, and K16,200~17,230 m. The rock mechanical parameters of each stage
are shown in Table 7 [88].

Table 7. The rock mechanical parameters of the auxiliary hole in the Jinping-II Hydropower Station.

Stage ndex Lithology Es (GPa) o (MPa) o+ (MPa) O max (MPa)
0~500 Sandstone 25 85 3.6 12
500~1500 Marble Sandstone 30 103 4.1 21
1500~5000 Chlorite schist 28 100 3.9 28
5000~8100 Breccia marble 40 122 5.5 47
8100~10,000 Marble 1 35 117 4.8 52
10,000~13,500 Marble 2 35 117 4.8 42
13,500~15,000 Marble 2 35 117 4.8 32
15,000~16,200 Banded marble 32 110 44 24
16,200~17,230 Argillaceous limestone 31 112 4.7 20

Based on rock physical-mechanics test, the measurement in situ stress and the engineer-
ing geological analogy method, the measured values of the eight evaluation indexes were
determined in each stage of the tunnel, as shown in Table 8. In the paper, the quantitative
criteria of surrounding rock classification are as follows. Grade I~V of the surrounding rock
was quantified to 1~5, respectively. If the research area has both Grade II of the surrounding
rock and Grade III of the surrounding rock, the quantitative value was defined as 2.5.

Taking the K0~550 m stage of the tunnel as an example, we conducted the prediction
of rockburst proneness.
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Table 8. Evaluation indexes of the auxiliary hole in the Jinping-II Hydropower Station.
Index .
Stage Cq C, Cs Cq Cs Cs Cy Cs Quantify Cg

0~550 24 1.5 145 0.14 0.15 0.25 0.76 I 3

550~1500 25 24 177 0.19 0.40 0.49 0.79 II~11I 25

1500~5000 25.6 2.3 179 0.28 0.62 0.72 0.85 II~III 2.5
5000~8100 222 34 186 0.38 0.67 0.74 0.87 II 2
8100~10,000 244 3.2 196 0.44 0.75 0.82 0.92 I 2
10,000~13,500 244 3.2 196 0.35 0.76 0.84 0.92 II 2

13,500~15,000 244 3.2 196 0.27 0.60 0.71 0.89 II~11I 25

15,000~16,200 25 3.0 189 0.19 0.40 0.49 0.79 II~III 2.5
16,200~17,230 23.8 1.5 181 0.15 0.15 0.27 0.72 111 3

(1) The critical values of the eight evaluation indexes in Table 3 were substituted into

Equation (33). The membership function equation was obtained. Then, the mea-

sured values of the evaluation index in K0~550 m stage were substituted into the

membership function equation to obtain the fuzzy relation matrix.

[0.0000
1.0000
0.0000
1.0000
1.0000
1.0000
0.0000

1.0000

0.6910
0.5625
0.3265
0.6944
0.3265
0.6400
0.2403
1.0000

1.0000 0.0490]]

0.1837 0.0000
1.0000 0.2025
0.2066 0.0000
0.1322  0.0000
0.2975 0.0000
0.5917 1.0000

0.2500 0.0000]

(34)

The fuzzy relation matrix R and the weight W of the evaluation index were substituted

into Equation (16) to obtain the comprehensive evaluation set A. The comprehensive

evaluation set in the test section of the tunnel for predicting rockburst was expressed

as follows.

Asso = (0.7793,0.6000, 0.3786, 0.0687)
A1s00 = (0.1719,0.8602, 0.6636,0.1118)
Asooo = (0.1655,0.5226,0.6725,0.4014)
Ag100 = (0.0009,0.4746,0.8176, 0.4766)
A1oo00 = (0.0084,0.4584,0.7139, 0.5940)
A1aso = (0.0084,0.4600,0.6970, 0.5940)
A1s000 = (0.0401,0.5200,0.7670,0.4173)
)
)

A1g200 = (0.0827,0.8568,0.7116,0.1347
A17230 = (0.7793,0.6515,0.3995,0.1214

(35)

Based on the maximum membership principle, the maximum value of the compre-

hensive evaluation set Assg is equal to 0.7793. Therefore, the predicted result of rockburst

is no rockburst in the KO~550 m stage of the tunnel. The maximum value of the com-

prehensive evaluation set Aysp is equal to 0.8602, and the predicted result of rockburst
is weak rockburst in the K500~1500 m stage of the tunnel. The maximum value of the
comprehensive evaluation set Asgp is equal to 0.6725, and the predicted result of rockburst
is medium rockburst in the K1500~5000 m stage of the tunnel. The maximum value of the
comprehensive evaluation set Agjq is equal to 0.8176, and the predicted result of rockburst
is medium rockburst in the K5000~8100 m stage of the tunnel. The maximum value of
the comprehensive evaluation set Ajg oo is equal to 0.7139, and the predicted result of
rockburst is medium rockburst in the K8100~10,000 m stage of the tunnel. The maximum
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value of the comprehensive evaluation set A13 509 is equal to 0.6970, and the predicted
result of rockburst is medium rockburst in the K10,000~13,500 m stage of the tunnel. The
maximum value of the comprehensive evaluation set A5 is equal to 0.7670, and the
predicted result of the rockburst is a medium rockburst in the K13,500~15,000 m stage of the
tunnel. The maximum value of the comprehensive evaluation set Aj¢ 200 is equal to 0.8580,
and the predicted result of rockburst is medium rockburst in the K15,000~16,200 m stage
of the tunnel. The maximum value of the comprehensive evaluation set A7 23 is equal
to 0.7793, and the predicted result of rockburst is medium rockburst in K16,200~17,230 m
stage of the tunnel.

Therefore, the AHP-fuzzy comprehensive evaluation method proposed in the paper
was used to predict the rockburst proneness in the nine stages of the 17.23 km auxiliary
hole in the Jinping-II Hydropower Station.

5. Analysis and Discussion
5.1. Accuracy Analysis of the Rockburst Predicting Model

This study aimed to develop an AHP-fuzzy comprehensive evaluation model to
enable more reasonable and accurate prediction of rockbursts. Based on the proposed
rockburst prediction model, the rockburst proneness was predicted in the auxiliary hole of
the Jinping-II Hydropower Station. The predicted results of the AHP-fuzzy comprehensive
evaluation method were verified by the actual rockburst condition.

The rockburst classification results of the auxiliary hole of the Jinping-II Hydropower
Station are shown in Table 9.

Table 9. Rockburst classification results obtained by the AHP-fuzzy comprehensive evaluation method.

Discriminants
Stage (m) Classified Results
Aq Ay Az Ay
0~550 0.7793 0.6000 0.3786 0.0687 No
550~1500 0.1719 0.8602 0.6636 0.1118 Weak
1500~5000 0.1655 0.5226 0.6725 0.4014 Medium
5000~8100 0.0009 0.4746 0.8176 0.4766 Medium
8100~10,000 0.0084 0.4584 0.7139 0.5940 Medium
10,000~13,500 0.0084 0.4600 0.6970 0.5940 Medium
13,500~15,000 0.0401 0.5200 0.7670 0.4173 Medium
15,000~16,200 0.0827 0.8568 0.7116 0.1347 Weak
16,200~17,230 0.7793 0.6515 0.3995 0.1214 No

Compared with the AHP-fuzzy comprehensive evaluation method, based on the
rock mechanical parameters in Tables 7 and 8, the single-index prediction method was
selected to predict the rockburst proneness, including the rock brittleness index method,
Russense’s method, and Kidybinski’s method. The predicted results are shown in Table 10.
Meanwhile, the accuracy of the predicted results was further verified. Based on the rock
mechanical parameters in Tables 7 and 8, the multi-index prediction method was also
selected to predict the rockburst proneness, including the Random Forest (RF) method,
Artificial Neural Network (ANN) method, Bayesian method (BM), and TOPSIS method.
The comparison prediction results are shown in Table 11.

Table 10. The comparison of results through the single-index prediction method of rockburst.

Brittleness Russenses’s Kidybinski’s Rockburst
Stage (m) Index (B) Method (P) Method (W,;) ~ AHP-FuzzyModel i Condition
0~550 Medium No No No No
550~1500 Medium Weak Weak Weak Weak
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Table 10. Cont.
Brittleness Russenses’s Kidybinski’s Rockburst
Stage (m) Index (B) Method (P) Method (W,,)  HP-FuzzyModel -} Condition
1500~5000 Medium Medium Weak Medium Medium
5000~8100 Medium Medium Medium Medium Medium
8100~10,000 Medium Strong Medium Medium Medium
10,000~13,500 Medium Strong Medium Medium Medium
13,500~15,000 Medium Medium Medium Medium Medium
15,000~16,200 Medium Weak Medium Weak Weak
16,200~17,230 Medium No Medium No No

Table 11. The comparison of results through the multi-index prediction method of rockburst.

TOPSIS AHP-Fuzzy Rockburst
Stage (m) RF Method ANN Method M Method Model Actual Condition
0~550 No No No No No No
550~1500 Weak Weak No Medium Weak Weak
1500~5000 Medium Medium Medium Medium Medium Medium
5000~8100 Medium Medium Medium Medium Medium Medium
8100~10,000 Strong Strong Medium Medium Medium Medium
10,000~13,500 Strong Medium Medium Medium Medium Medium
13,500~15,000 Medium Medium Strong Strong Medium Medium
15,000~16,200 Weak Weak Weak Weak Weak Weak
16,200~17,230 No Weak Medium No No No

In the paper, the performance indexes of the accuracy, precision, recall, and F;-score
were selected to analyze the prediction accuracy of different models. The comparison
results of the performance indexs for each model are shown in Table 12 and Figure 6. The
comparison results between the single-index model and the proposed model are shown in
Figure 6a. These results indicated that the different methods for predicting rockburst could
produce inconsistent results. The accuracies of the brittleness index model, Russenses’s
model, and Kidybinski’s model were 55.6%, 77.8%, and 66.7%, respectively. However, the
accuracy of the proposed model was 100%. The precisions of the brittleness index model,
Russenses” model, and Kidybinski’s model were 55.6%, 71.4% and 62.5%, respectively.
However, the precision of the proposed model was 100%. All recalls of the brittleness index
model, Russenses’s model, Kidybinski’s model, and the proposed model were 100%. The
F1-scores of the brittleness index model, Russenses’ model, and Kidybinski’s model were
71.4%, 83.3% and 76.9%, respectively. However, the F;-score of the proposed model was
100%. Thus, these results showed that the proposed model achieved higher predictive
accuracy. In fact, the brittleness index method accounted for the rock uniaxial compression
strength and tensile strength but ignored the in situ stress condition. Russenes’s method
accounted for the maximum principal stress, the minimum principal stress, and the rock
uniaxial compression strength, but ignored the surrounding rock structural condition.
Kidybinski’s method accounted for the characteristics of rock storing and releasing energy,
but ignored the surrounding rock structural condition. However, the evaluation indexes
not considered in the above method are also critical to the rockburst occurrence. The above
traditional prediction methods have certain limitations, and deviations in predictions
are inevitable.
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Table 12. The analyzed results of the performance index for each model.
The Single-Index Prediction Method The Multi-Index Prediction Method
Performance Brittl R B Kidvbinski’ RE TOPSIS AHP-Fuzzy
Index rittleness ussenses’s idybinski’s Model
Index Model Model Model Model ANN Model BM Model Model
Accuracy (%) 55.6 77.8 66.7 77.8 77.8 66.7 77.8 100
Precision (%) 55.6 714 62.5 714 75.0 714 714 100
Recall (%) 100 100 100 100 100 83.3 100 100
F1-score (%) 714 83.3 76.9 83.3 85.7 76.9 83.3 100
120 Brittleness index model [ Kidybinski's model 120 | [-JBF Model [_ITOPSIS Model
[ Russenses's model [ JAHP-Fuzzy model [CTJANN Model [JAHP-Fuzzy Model
100 - — . [C1BM Model
100 | - = o o
€ s m 2 || ]
2 - | R ge—— = | |
ol 0 =
g R
2 3
& a0f E 20 L
20 - 20
0 0
Accuracy Precision Recall F,-score Accuracy Precision Recall F,-score
Performance indexes Performance indexes
(a) (b)

Figure 6. Comparison diagram of the predicting results of the performance index by different
methods. (a) The single-index prediction method; (b) The multi-indexes prediction method.

The comparison results between the multi-index model and the proposed model are
shown in Figure 6b. The accuracy of the RF model, the ANN model, the BM model, and the
TOPSIS model was 77.8%, 77.8%, 66.7%, and 77.8%, respectively. However, the accuracy
of the proposed model was 100%. The precisions of the RF model, the ANN model, the
BM model, and the TOPSIS model were 71.4%, 75.0%, 71.4%, and 71.4%, respectively.
However, the precision of the proposed model was 100%. The recalls of the RF model, the
ANN model, the BM model, and the TOPSIS model were 100%, 100%, 83.3%, and 100%,
respectively. However, the recall of the proposed model was 100%. The F;-scores of the
RF model, the ANN model, the BM model, and the TOPSIS model were 83.3%, 85.7%,
76.9%, and 83.3%, respectively. However, the Fi-score of the proposed model was 100%.
Thus, the results showe that the proposed model achieved higher predicting accuracy
compared with the multi-index model, and the predicting accuracy of the multi-index
model was greater than the single-index model. In fact, the Random Forest algorithm
performs poorly on small datasets. Since the amount of data for rockburst prediction is
limited, this method is not well-suited for predicting rockburst. The ANN algorithms are
prone to overfitting or underfitting, which can lead to low predictive accuracy. For the
Bayesian method, the posterior probability distribution in this method is heavily influenced
by the prior distribution, resulting in poor predictive outcomes. The TOPSIS algorithm
does not take into account the potential correlations among indexes in practice, which may
affect the accuracy of the evaluation.

In the paper, the authors established the AHP-fuzzy comprehensive evaluation model
which considered a variety of factors, including the physical and mechanical properties,
stress condition, and surrounding rock structural condition. Through comparative analysis,
it was found that the AHP-fuzzy comprehensive evaluation method takes the evaluation
indexes into consideration. This method overcomes the defect of subjectivity while deter-
mining the weights of evaluation indexes, and it achieves rockburst proneness prediction by
combining the quantitative and qualitative methods. The predictive model proposed by the
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paper is reliable and accurate. Based on case analysis, the predicted results demonstrated
high accuracy.

The AHP-fuzzy comprehensive evaluation model improves the accuracy of rockburst
prediction, and enriches and strengthens the theoretical basis of rockburst studies. The
proposed model in this study can achieve the accurate prediction of rockburst hazards in
unexcavated sections of the tunnel. It contributes to the optimization of roadway layout,
supports design and construction sequence, thereby reducing the probability of safety
incidents. Meanwhile, it ensures the safety of construction personnel and also improves
the economic and social benefits.

5.2. The Outlook of the Rockburst Prediction Model

In a specific engineering application, it is important to obtain complete data for the
eight evaluation indexes of the model. In the future, the main research direction will be
to quickly and accurately obtain the evaluation indexes. Proposing new and meaningful
predicting indexes and reasonably applying them to the AHP-fuzzy evaluation model is
also a research hotspot. By summarizing the work of previous scholars, the paper has
identified 13 rockburst evaluation indexes that are currently highly recognized. In the
papetr, the 13 evaluation indexes were applied to the model, and the accuracy was analyzed
in depth. Further research is required to strengthen practical engineering applications and
model validation.

The 13 evaluation indexes include the deformation brittleness index K;, [80], the
strength brittleness coefficient B [81], the elastic deformation energy index W, [4], the
linear elastic energy W, [82], the energy storage index k [89], the rockburst energy ratio
17 [26], the impact energy index W [27], the stress index S [83], the stress coefficient P [84],
the T criterion [6], the rockburst intensity factor W [43], the RQD indicator [85], and the
surrounding rock classification [86].

The above 13 evaluation indexes were classified as follows.

(1) For the lithological condition, the evaluation indexes included the deformation brittle-
ness index K;, [80], the strength brittleness coefficient B [81], the elastic deformation
energy index W, [4], the linear elastic energy W, [82], the energy storage index k [89],
the rockburst energy ratio 77 [26], and the impact energy index W [27].

(2) For the stress condition, the evaluation indexes included the stress condition, which
includes stress index S [83], the stress coefficient P [84], and the T criterion T [6].

(8) For the surrounding rock condition, the evaluation indexes included the rockburst
intensity factor W [43], the RQD indicator [85], and the surrounding rock classifica-
tion [86].

The correspondence between the 13 rockburst evaluation indexes and the rockburst
occurrence grades is shown in Table 13.

Table 13. The criterion of rockburst grade based on the 13 evaluation indexes.

Rockburst Discrimination Criterion

Number Evaluation Indexes -
No Weak Medium Strong
Fq Deformation brittleness index K;, [80] <2.0 2.0-6.0 6.0-9.0 >9.0
F> Strength brittleness coefficient B [81] >40.0 40.0-26.7 26.7-14.5 <14.5
F3 Elastic deformation energy index W [4] <20 2.0-3.5 3.5-5.0 >5.0
Fy Linear elastic energy W, [82] <40 40-100 100-200 >200
Fs Energy storage index k [89] <20 20-60 60-130 >130
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Table 13. Cont.

Rockburst Discrimination Criterion

Number Evaluation Indexes X
No Weak Medium Strong
Fe Rockburst energy ratio 7 [26] <3.5 3.5-42 42-47 >4.7
Fy Impact energy index W [27] <1 1-14 1.4-2 >2
Fg Stress index S [83] <0.15 0.15-0.20 0.20-0.25 >0.25
Fg Stress coefficient P [84] <0.30 0.30-0.50 0.50-0.70 >0.70
Fio T criterion T [6] <0.30 0.30-0.50 0.50-0.80 >0.80
Fi1 Rockburst intensity factor W [43] <0.5 0.5-1.5 1.5-25 >2.5
Fip RQD indicator (%) [85] <0.25 0.25-0.50 0.50-0.70 >0.70
Fi3 Surrounding rock classification [86] A% 1A% III IL I
Then, the AHP method was adopted to determine the weight of evaluation indexes and
predict rockburst proneness. Similarly, the hierarchical structure model was established, as
shown in Figure 7.
Rockburst tendency 4
| } |
Lithologic condition B; Stress condition B, Surrounding rock condition B,
= S PR,
. — T \ S
= == B e \ e
D st acormaion Lot L ROOWS U Swe S T kb nop | S
index coefficient CHCIEY  energy  index ratio index  dex  coefficient crilerion intensity  indicator classification
& G "'g:x G Cs Cs G G & Co i G Ci;
Figure 7. Hierarchical structure model of the 13 evaluation indexes for predicting rockburst.
The judgment matrix of evaluation indexes for predicting rockburst was established.
According to the quantitative description method, the four judgment matrixes were ob-
tained eventually, as shown in Tables 14 and 15.
Table 14. Judgment matrix D-E;~Ej3.
E Eq E, E;
Eq 1 1 2
E, 1 1 3
E; 1/2 1/3 1
Table 15. Judgment matrix E-F1~Fq3.
Eq Fq F, F3 Fy Fs5 Fq Fy E; Fg Fq Fqo
Fq 1 1 1/3 1 1/3 1/3 1/2 Fg 1 2 1/2
F, 1 1 1/2 1 1/3 1/3 1/2 Fo 1/2 1 1/2
F; 3 2 1 2 1 1 2 Fio 2 2 1
Fy4 1 1 1/2 1 1/2 1/2 1 E; Fiq Fip Fi3
Fs 3 3 1 2 1 1 2 Fip 1 3 2
Fg 3 3 1 2 1 1 2 Fip 1/3 1 1/2
s 2 2 1/2 1 1/2 1/2 1 Fi3 1/2 2 1

The weight vectors of the judgment matrix were calculated, including the judgment
matrix D-Eq~Es, judgment matrix E;-F1~F7, judgment matrix Ey-Fg~Fjp, and judgment
matrix E3-F11~F13. The consistency of hierarchical ranking results was checked. Similarly,
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the single-hierarchy ranking results of rockburst were obtained eventually, as shown in
Table 16.

Table 16. The single-hierarchy ranking results of the 13 evaluation indexes for predicting rockburst.

Matrix Weight Vector W A nax CI CR Consistency
D-Eq~Ej3 (0.3874, 0.4434, 0.1692)T 3.0184 0.0092 0.0177 Accepted
Ey-Fi~F; (0'05 2216%007 Z?%%'lzgﬁ;%)(fﬁ' 7.0649 0.0108 0.0079 Accepted
E»-Fg~Fyg (0.3108, 0.1958, 0.4934)" 3.0536 0.0268 0.0515 Accepted

Ez-F11~F13 (0.5396, 0.1634, 0.2970)" 3.0093 0.0047 0.0090 Accepted
Based on the overall-ranking principle in the AHP method, the overall-hierarchy
ranking results were calculated. And the results satisfied the demand for a consistency
check, as shown in Table 17.
Table 17. The overall hierarchy ranking results of the 13 evaluation indexes for predicting rockburst.
D-E Rank
E E E Hierarchical
E-F Rank 1 2 3 Total Ranking Weight Total Rank CR
0.3874 0.4434 0.1692
Fy 0.0732 0.0000 0.0000 0.0284 12
F 0.0776 0.0000 0.0000 0.0300 11
F3 0.2038 0.0000 0.0000 0.0790 7
Fy 0.0962 0.0000 0.0000 0.0373 10
F5 0.2160 0.0000 0.0000 0.0837 5
Fe 0.2160 0.0000 0.0000 0.0837 5 00199
Fy 0.1172 0.0000 0.0000 0.0454 9 AC'Cepte d
Fg 0.0000 0.3108 0.0000 0.1378 2
Fy 0.0000 0.1958 0.0000 0.0868 4

Fio 0.0000 0.4934 0.0000 0.2188 1

Fiq 0.0000 0.0000 0.5396 0.0913 3

Fip 0.0000 0.0000 0.1634 0.0276 13

Fi3 0.0000 0.0000 0.2970 0.0502 8

As shown in Table 15, the results indicated that the contribution degree of each
evaluation index to rockburst occurrence is presented in descending order of magnitude.
It was, as follows: the T criterion, stress index, the rockburst intensity factor, the stress
coefficient, the energy storage index, the rockburst energy ratio, the elastic deformation
energy index, the surrounding rock classification, the impact energy index, the linear elastic
energy, the strength brittleness coefficient, the deformation brittleness index, and the RQD
indicator. The most important step in determining the weights of each evaluation index has
been determined. Then the AHP-fuzzy comprehensive evaluation method was used for
establishing the rockburst proneness. Future research should focus on developing fast and
accurate methods for computing each evaluation index. Finally, this method was applied
to the rockburst prediction in engineering practice.

In our opinion, the rockburst prediction in underground engineering should be di-
vided into two steps. Firstly, the research tunnel should be divided into different stages,
and the multiple rockburst discrimination criteria in Tables 3 and 11 should be adopted to
obtain the predicted result of rockburst. Secondly, with the development of the construction
process, the lithological condition, the stress condition, and the surrounding rock condition
should be analyzed synthetically. Based on the AHP-fuzzy comprehensive evaluation
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method proposed by the paper, the prediction result should be compared with the actual
field result of rockburst proneness, and it should seek the optimal criterion of being most
appropriate to the tunnel and the roadway. Finally, the rockburst proneness should be
predicted reasonably and synthetically.

6. Conclusions

(1) Based on the AHP method, the eight evaluation indexes were selected, and the weights
of indexes were obtained for predicting rockburst proneness. The contribution degree
is presented in descending order of magnitude: the T criterion, the elastic deformation
energy index, the stress index, the surrounding rock classification, the linear elastic
energy, the stress coefficient, the strength brittleness coefficient, and the RQD indicator.
According to the fuzzy mathematics theory, the AHP-fuzzy comprehensive evaluation
model was established to predict the rockburst.

(2) According to the field case in the auxiliary hole of the Jinping-II Hydropower Station,
the feasibility and accuracy of the model were validated. The accuracy, precision,
recall, and F;-score were 100% through the AHP-fuzzy comprehensive evaluation
method proposed by the paper. Compared with the applied models in the paper,
the predicting accuracy of the proposed model was greater than the single-index
model (brittleness index model, Russenses’s model, and Kidybinski’s model) and
the multi-index model (RF model, ANN model, BM model, and TOPSIS model). It
indicated that the proposed model achieves higher prediction accuracy. The AHP-
fuzzy comprehensive evaluation model improves the accuracy of rockburst prediction
and enriches and strengthens the theoretical basis of rockburst studies.

(3) By summarizing the work of previous scholars, the paper has identified 13 rockburst
evaluation indexes that are currently highly recognized, and the weights of 13 evalua-
tion indexes were obtained. Then, based on the fuzzy theory, the rockburst proneness
can be predicted. However, the proposed model may produce computational errors
during the process of quantifying targeted indexes, and the model cannot automat-
ically generate new research plans. When rockburst events are rare, the validation
and optimization of the model are severely limited. In the future, the method can
be applied to rockburst prediction in tunnels with similar engineering-geological
conditions, and it can be extended to the mining hazards and the natural disasters
such as coal bumps, floods, and landslides. For disaster prediction, how to propose
new and meaningful predicting indexes and reasonably apply them to the AHP-fuzzy
evaluation model is also a research hotspot.
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