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Abstract 14 

Rockburst is a common geological hazard in underground mining and excavating, 15 

constituting a serious threat to the safety of workers and equipment. Rockburst liability 16 

prediction is of crucial significance to the prevention of rockburst hazards. Multi-criteria 17 

decision-making approach is an effective tool to predict rockbursts. In this paper, five 18 

empirical factors (strength-stress ratio, Russenes criterion, brittleness index, strain energy 19 

storage index, and integrity index) were used to construct the standard of rockburst liability. A 20 

novel analytic hierarchy process (AHP) was proposed to determine the weight of these factors, 21 

and then a cloud model was established for rockburst liability prediction on this basis. In the 22 

new AHP, the random errors induced by the pairwise comparison matrices of decision-makers 23 

were corrected according to the Bayesian theories. Nine cases from engineering projects in 24 

China were collected to validate the proposed model for rockburst liability prediction, and the 25 

prediction results were consistent with the field status. The quantitative index (Euclidean 26 

distance) indicates that the novel analytic hierarchy process has better performance than the 27 

original analytic hierarchy process in the weight calculation of factors; the new proposed 28 

cloud model is also superior to the original cloud model and the technique for order 29 

preference by similarity to an ideal solution model in the prediction of rockburst liability. 30 

Keywords: rockburst liability prediction; multi-criteria; analytic hierarchy process; cloud 31 

model 32 

  33 
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1 Introduction 34 

Rockburst is an important research topic in rock mechanics and engineering geology (Li 35 

et al., 2007; Hegde and Rokseth 2020; Zhang et al., 2021), which is generally considered as a 36 

dynamic instability phenomenon. Rockburst prediction in initial stages of design has a 37 

remarkable role on enhancement of safety (Ghasemi et al., 2020). However, due to the 38 

suddenness and uncertainty of rockbursts, the complex mechanisms of rockburst are still not 39 

fully understood (He et al., 2015). Fig. 1 shows some typical accidents induced by rockbursts. 40 

As can be seen from Fig. 1, rockbursts may cause damages to roadways, shearers, and ground 41 

buildings. 42 

The formation mechanism and classification of rockbursts have been tackled by many 43 

researchers with various methods, and many valuable conclusions have been achieved (e.g., 44 

He et al., 2012; Su et al., 2018). Meanwhile, how to predict rockburst scientifically and 45 

accurately has always attracted people's attention. In order to determine whether rockburst 46 

occurs, a set of determination indicators of rockburst have been proposed (e.g., Russebes 47 

1974; Kidybinski 1981; Wang et al., 1998; Wang and Park 2001). Some assessment indexes 48 

for rockburst liability prediction are listed in Table 1. Among these indexes, the most practical 49 

indexes for engineering applications are Russenes criterion (Russebes 1974), brittleness index 50 

(Wang et al., 1998) and strain energy storage index (Kidybinski 1981). In Table 1, the 51 

Russenes criterion is the ratio of tangential stress around underground excavations to uniaxial 52 

compressive strength, and the brittleness index is the ratio of uniaxial compressive strength to 53 

tensile strength. The strain energy storage index is the ratio of elastic strain energy to 54 

dissipated strain energy in the stress-strain curve. Although single index evaluation is an easy 55 
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and applicable alternative, which has been proved to be useful in many engineering projects, 56 

it ignores the effect of geo-mechanical and technological conditions. This causes unilateral, 57 

one-sided and limited results (Wang et al., 2008; Zhou et al., 2012, 2016). 58 

In order to improve the prediction accuracy of rockburst liability, multi-criteria 59 

approaches have been gradually developed (e.g., Wang et al., 1998; Wang et al., 2015; Li et al., 60 

2018; Pu et al., 2019; Xue et al., 2020a; Mahmoodzadeh et al., 2021; Yin et al., 2021; Zhou et 61 

al., 2021). As the name implies, the multi-criteria approaches select multiple indexes to 62 

predict rockburst liability. Up to now, a set of prediction methods have been proposed based 63 

on the application of multi-criteria approaches for rockburst liability prediction (Table 2). 64 

Several mathematical models involving intelligent techniques have been proposed for 65 

rockburst liability prediction such as support vector machine model (Pu et al., 2019), extreme 66 

learning machine (Xue et al., 2020b), grey model (Zhou et al., 2019), extension model (Xue et 67 

al., 2019), and fuzzy model (Pu et al., 2018). The approaches listed in Table 2 can be further 68 

divided into two types: multi-criteria decision-making approach (Liao et al., 2014) and 69 

multi-criteria machine learning approach (Li et al., 2020). The classification criteria of 70 

rockburst liability should be established in advance in the multi-criteria decision-making 71 

method (Afraei et al., 2019). In the machine learning method, rockburst liability prediction is 72 

regarded as a two-class or multi-class problem. Pu et al. (2019) noted that the accuracy of 73 

machine learning approaches depends heavily on the size of rockburst case databases used. 74 

However, the size of rockburst case databases is typically around 200, which may lead to 75 

inaccurate predictions. 76 

The analytic hierarchy process (AHP) is an effective approach for weight calculation in 77 
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multi-criteria decision-making problems (Saaty 1980). The core of AHP is to construct 78 

pairwise comparison matrices (PCM). When the original AHP is applied in the prediction of 79 

rockburst liability, the random error induced by the PCM of decision-makers is inevitable, but 80 

the impact of random error is not considered. With the help of Bayesian theory, the impact of 81 

random error on weight can be corrected (Press 1989). The combination of AHP and cloud 82 

model (a mathematical method considers both the randomness and fuzziness of variables for 83 

solving multi-criteria evaluation problems) (Li et al. 2009; Wang et al., 2014) can effectively 84 

predict rockburst liability. 85 

In summary, the main objective of this paper was to propose a new model (a cloud model 86 

based on the novel analytic hierarchy process) for rockburst liability prediction. In Section 2, 87 

a novel AHP based on the Bayesian theory was described in detail. In Section 3, a cloud 88 

model based on the novel AHP was introduced. In Section 4, nine cases from engineering 89 

projects in China were evaluated to validate the proposed model. Section 5 is disscusion. 90 

Conclusions were drawn in the end. 91 

2 A novel analytic hierarchy process 92 

2.1 Original analytic hierarchy process 93 

Analytic hierarchy process (AHP) is an accurate approach for quantifying the weights of 94 

decision criteria. A PCM can be structured according to one to nine scales in the AHP (Saaty 95 

1980). Let's take ( )
ij n n

A a   as the PCM, where 
ij

a  is the relative importance of factor i 96 

compared with factor j, and 97 

1 ,  ( )
, , 1,2, ,

1,  ( )

ij
ji

ij

a i j
a i j n

a i j

   
 

K                       (1) 98 

In the PCM, the weight 1( )
i n

W w   of factors can be determined by the eigenvector 99 
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method, namely: 100 

max

1

,

subject to 1, 0
n

i i

i

AW W

w w







                             (2) 101 

where, max  is the maximum principal eigenvalue of the PCM. In addition to the eigenvector 102 

method, other commonly used methods for weights calculation include the geometric mean 103 

method and the least squares method. However, the geometric mean method lacks a sufficient 104 

theoretical basis, and the calculation of the least squares method is very complicated. A 105 

consistency ratio (CR) was used to measure the consistency level of the PCM, denoted by 106 

max

( 1)

n
CR

RI n

 



                                    (3) 107 

where, RI is the random consistency index. A PCM with CR<0.1 is acceptable (CR = 0.1 108 

means that the judgments by decision-makers are 10% as inconsistent). Otherwise, one should 109 

revise it until CR<0.1. 110 

2.2 Revising analytic hierarchy process 111 

Although the original AHP is simple, it does not fully consider the impact of 112 

decision-maker's bias on results. Given this, the PCM obtained always has an error, namely:  113 

i
ij ij

j

w
a e

w
                                         (4) 114 

where 
ij

e is the error term following the lognormal distribution (Escobar and 115 

Moreno-Jiménez 2000), and 116 

1 ,  ( )
, , 1,2, ,

1,  ( )

ij
ji

ij

e i j
e i j n

e i j

   
 

K                      (5) 117 

Since 
ij

a  follows the lognormal distribution, ln( )
ij

a  follows the normal distribution. 118 

Without loss of generality, let 2ln( ) ( , )
ij ij

a N u : , where 
ij

u  (an unknown parameter) is the 119 

expectation of ln( )
ij

a  and 2  (to be known) is the variance of ln( )
ij

a . The prior 120 
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distribution ( )
ij

u  of 
ij

u  follows the normal distribution 2( , )
ij

N    (both 
ij
  and 2  are 121 

known). The posterior distribution ( )
ij ij

u a  of 
ij

u  also follows the normal distribution 122 

2( , )
ij

N b   , where (Press 1989) 123 

2 2

2 2

ln( )
ij ij

ij

a
b

  
 





                              (6) 124 

2 2
2

2 2
=

+

 
 

                                       (7) 125 

where, 2 0.5   according to the Bayesian statistics theory (Bernardo and Smith 1994). 126 

One can use the following equations to obtain 
ij
  and 2  of the prior distribution 127 

( )
ij

u  of 
ij

u (Press 1989): 128 

µ µln( ) ln( )i jij
w w                                   (8) 129 

 µ
1/

1

n
n

i ij

j

w a


 
  
 
                                    (9) 130 

µ µ 2
2 1

ln( ) ln( )
( 1)

n

i jij

i j

a w w
n n




                    (10) 131 

According to the relationship between lognormal distribution and normal distribution, 132 

the Bayesian revision matrix (BRM) can be denoted by 133 

 exp( ) , , 1,2, ,
ij

B b i j n  K                    (11) 134 

According to the BRM, the weight 1( )
i n

W w   of factors can be obtained by the 135 

eigenvector method, namely:  136 

max

1

,subject to 1, 0
n

i i

i

BW W w w


                    (12) 137 

where, max  is the maximum principal eigenvalue of the BRM. Consistency ratio (CR) is 138 

used to measure the consistency level of the BRM. In the new AHP, the PCM in standard AHP 139 

is replaced by the BRM. 140 
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 The implementation steps of the new AHP are as follows: 141 

 Step 1: Input a PCM ( )
ij n n

A a   according to one to nine scales. 142 

 Step 2: Calculate 
ij
  and 2  in the prior distribution ( )

ij
u  of 

ij
u  by using Eqs. 143 

(8)-(10). 144 

 Step 3: Calculate 
ij

b  in the posterior distribution ( )
ij ij

u a  of 
ij

u  by using Eqs. 145 

(6)-(7). 146 

 Step 4: Establish a BRM by using Eq. (11). 147 

 Step 5: Calculate the weight 1( )
i n

W w   of factors by using Eq. (12). 148 

3 Approach for rockburst liability prediction 149 

3.1 Cloud model 150 

A cloud model is a mathematical method for solving multi-criteria evaluation problems 151 

considering both the randomness and the fuzziness of variables (Li et al., 2009; Wang et al., 152 

2014). A cloud represents a concept (or object) with a ternary operator (Ex, En, He) (Fig. 2), 153 

where Ex is the expectation; En is the entropy, an uncertainty measurement of qualitative 154 

concepts, which is determined by both the randomness and the fuzziness of the concepts; He is 155 

the excess entropy, which is a redescription of the uncertainty of entropy. The ordinate in Fig. 156 

2 represents the degree of certainty (d). 157 

A normal cloud generator can be implemented to obtain the certainty degree of a concept. 158 

The steps are as follows (Wang et al., 2014; Li et al., 2018): 159 

 Step 1: Input x (the concept), Ex, En, and He. 160 

 Step 2: Generate a normal random number ' 2~ ( , )
n n e

E N E H . 161 

 Step 3: Calculate the degree of certainty with the following formula: 162 
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2

' 2

( )
( ) exp

2

x

n

x E
d x

E

 
  

 
                     (13) 163 

 Step 4: Steps 2 and 3 are repeated N times, and the average value of the N certainty 164 

degrees is taken as the final certainty degree. 165 

3.2 Cloud model based on novel analytic hierarchy process 166 

It is necessary to establish a rockburst liability standard for rockburst liability prediction. 167 

This paper directly refered to the classification criteria determined by Zhang et al. (2011) 168 

(Table 3), which consisted of five factors, i.e., strength-stress ratio, Russenes criterion, 169 

brittleness index, strain energy storage index, and integrity index. All five factors were 170 

dimensionless. The rockburst liability falls into four classes (Ⅰ、Ⅱ、Ⅲ、Ⅳ), which are no 171 

rockburst, weak rockburst, moderate rockburst, and violent rockburst. The characteristics of 172 

class Ⅰ are as follows: no stability problems caused by rock stresses and no noises generated. 173 

Class Ⅱ: tendencies to crack and loosen of rock and light noises generated. Class Ⅲ: 174 

considerable slabbing and loosening of rock, tendencies to develop a deformed periphery 175 

with time, and strong cracking noises generated. Class Ⅳ: severe rockfalls from roof and 176 

walls immediately after blasting, slabs pop from floor, considerable over-breaks and 177 

deforming of the periphery gun shot noises generated (Kidybinski 1981). 178 

The ternary operator (Ex, En, He) in the cloud model can be obtained according to Table 179 

3 by using following equations: 180 

 min max

2
x

S S
E


  (classes Ⅱ and Ⅲ)                     (14a) 181 

 minx
E S  (class Ⅰ)                             (14b) 182 

   maxx
E S  (class Ⅳ)                             (14c) 183 
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 max min

6
n

S S
E


                                  (15) 184 

0.01
e

H                                       (16) 185 

where, maxS and minS  represent the upper-bound and lower-bound of a level, respectively. By 186 

substituting Ex, En, and He into the normal cloud generator shown in Section 3.1, a 187 

deterministic matrix 
4( )

ij n
D d   can be obtained, where

ij
d represents the degree of certainty 188 

that factor i in object X belongs to class j. The membership vector 1 4( )
i

M m   of object X 189 

belonging to each class can be obtained according to Eq. (17). 190 

'M W D                                     (17) 191 

Determining the class of object X (i.e., predicted rockburst liability) as follows: 192 X is Ⅰ, if 𝑚1 > 𝑚2, 𝑚3, 𝑚4      193 

                          X is Ⅱ, if 𝑚2 > 𝑚1, 𝑚3, 𝑚4   194 X is Ⅲ, if 𝑚3 > 𝑚2, 𝑚1, 𝑚4   195 X is Ⅳ, if 𝑚4 > 𝑚2, 𝑚3, 𝑚1   196 

The flow chart of the proposed approach for rockburst liability prediction was shown in 197 

Fig. 3. The proposed model was compiled in the form of MATLAB code according to Fig. 3. 198 

4 Case analysis 199 

4.1 Case description 200 

Nine typical rockburst cases in China (Wang et al., 1998; Xu et al., 2018) were selected 201 

to validate the proposed new cloud model. The nine cases are Jingping Ⅰ# tunnel, Jinping Ⅱ# 202 

tunnel, Tianshengqiao Ⅱ# hydropower station diversion tunnel, Taipingyi hydropower station 203 

diversion tunnel, Qinling railway tunnel, Dongguashan copper mine, Pubugou underground 204 

hydropower station underground tunnel, Yuzixi Ⅰ# hydropower station diversion tunnel, and 205 
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Cangling tunnel (Table 4). For Case 1, the rockburst liability class is Ⅲ according to the 206 

strength-stress ratio and strain energy storage index. According to the brittleness index and 207 

integrity index, the class of this case is Ⅰ. According to the Russenes criterion, the class is Ⅳ. 208 

Due to inconsistent rockburst class for different factors, the proposed new cloud is an 209 

effective approach for solving multi-criteria evaluation problems, considering both the 210 

randomness and fuzziness of variables, which can be used to predict rockburst liability. 211 

4.2 A demo of the proposed model 212 

a) Calculate the weight of input factors 213 

Here, we demonstrated the process for calculating the weights of strength-stress ratio, 214 

Russenes criterion, brittleness index, strain energy storage index, integrity index with the 215 

proposed AHP. 216 

First, the PCM obtained according to one to nine scales is as follows: 217 

1 1 5 3 7 4
5 1 6 8 7

1 3 1 6 1 4 2
1 7 1 8 1 4 1 1 3
1 4 1 7 1 2 3 1

A

 
 

  
 
  

 218 

Second, the BRM is obtained according to Eqs. (4)-(11) as follows: 219 

1 0.26 2.61 6.79 3.66
3.87 1 5.69 10.42 7.33
0.38 0.18 1 3.65 1.81
0.15 0.10 0.27 1 0.38
0.27 0.14 0.55 2.60 1

B

 
 

  
 
  

 220 

Last, the obtained weights of the above five factors by using the Eigenvector method are 221 

as follows: 222 

 0.22 0.57 0.11 0.03 0.07
T

W   223 

b) Calculation of deterministic matrix 224 
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Here, Case 1 was used to demonstrate the calculation of the deterministic matrix. The 225 

ternary operator (Ex, En, He) was obtained according to Eqs. (14)-(16) (Fig. 4). By 226 

substituting Ex, En, and He into the normal cloud generator shown in Section 3.1, the 227 

deterministic matrix of Case 1 was obtained: 228 

0.00 0.00 0.57 0.01
0.00 0.00 0.02 0.11
0.00 0.23 0.00 0.00
0.32 0.00 0.32 0.00
0.10 0.24 0.05 0.00

D

 
 

  
 
  

 229 

In order to calculate the deterministic matrix, we need to determine the total number of 230 

sampling. Let's take 23d  and 32d  as examples, Fig. 5 shows that the values of 23d  and 231 

32d  vary with N. It can be seen from Fig. 5 that 23d  tends to converge when N = 1.2104; 232 

When N = 1104, the result of 32d  tends to converge. Therefore, N was taken as 1.5104 in 233 

this paper. 234 

c) Calculation of membership matrix and classification of rockburst 235 

 The membership matrix of Case 1 can be obtained by using Eq. (17): 236 

 
 

 

0.00 0.00 0.57 0.01
0.00 0.00 0.02 0.11

' = 0.22 0.57 0.11 0.03 0.07 0.00 0.23 0.00 0.00
0.32 0.00 0.32 0.00
0.10 0.24 0.05 0.00

                 = 0.02 0.04 0.15 0.06

M W D

 
 

  
 
  

 237 

according to Section 3.2, the liability class of Case 1 is Ⅲ.  238 

The membership vectors of all cases were listed in Table 5. Violent rockburst may occur 239 

in Jinping Ⅰ# tunnel and Qinling railway tunnel, moderate rockburst may occur in the other 240 

cases. The error rate is 0% by comparing the predicted class with the field status.  241 

It can be seen from the above calculation process that the proposed model is simple in 242 

calculation and can obtain accurate results, which can be used as an auxiliary tool for 243 
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engineers to quickly predict rockburst liability. 244 

5 Discussions 245 

a) Compare the proposed AHP with the original AHP 246 

Considering the judgment errors of decision-makers, the proposed AHP revised the PCM 247 

according to the Bayesian theory, which is the advantage of the new AHP compared with the 248 

original AHP. In addition, the weight obtained based on the new AHP is more reasonable than 249 

the original AHP, which can be represented by a quantitative index (i.e., Euclidean distance 250 

(ED)). 251 

ED represents the total distance between all elements in the PCM and related ratios of the 252 

weights, which can be denoted as (Golany and Kress 1993) 253 

1/2

2

1 1

( )
n n

ij i j

i j

ED a w w
 

 
  
 
                  (18) 254 

ED measures both the accuracy of the solution and the reasonableness of the ranking 255 

order. The smaller the ED, the more reasonable the weight. 256 

The results of the proposed AHP and the original AHP were shown in Fig. 6. The ED of 257 

the new AHP is 1.729, while the ED of the original AHP is 1.738, which indicating that the 258 

new AHP is more reasonable than the original AHP. The error rate of the cloud model based 259 

on the original AHP is 1/9. 260 

b) Compare the proposed model with the TOPSIS model 261 

Technique for order preference by similarity to an ideal solution (TOPSIS) is one of the 262 

commonly used methods in multi-criteria decision-making problems (Wu et al., 2019). In 263 

TOPSIS, the positive ideal solution and the negative ideal solution were firstly obtained from 264 

Table 3, and then the Euclidean distance between each case and the positive/negative ideal 265 
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solution can be calculated. Finally, the dimensionless distance was obtained to predict 266 

rockburst liability class. 267 

Fig. 7 reports the comparison between the proposed model and the TOPSIS model for the 268 

9 cases in Section 4. As shown in Fig. 7, the error rate of the TOPSIS model is 1/9. The 269 

predicted results are sensitive to the distance function in the TOPSIS model, so the distance 270 

function needs to be carefully selected. The proposed model is superior to the TOPSIS model 271 

in simplicity and effectiveness. 272 

In summary, the proposed model has a good application prospect in the prediction of 273 

rockburst liability. 274 

c)  Limitations of the present work 275 

Classification criteria are the basis of multi-criteria decision-making approach or 276 

multi-criteria machine learning approach (Classification criteria are not necessary when using 277 

the two-class machine learning method (Pu et al., 2019; Li et al., 2021)) for rockburst liability 278 

prediction. However, there are no unified classification criteria at present. Different 279 

classification criteria can lead to inconsistent results (e.g., Wang et al., 2015; Xu et al., 2018; 280 

Xue et al., 2019). In future studies, it is feasible to introduce multiple classification criteria 281 

considering the uncertainty of classification criteria to predict rockburst liability. 282 

In addition, the proposed AHP is still a subjective weighting method. It is meaningful to 283 

combine the proposed AHP with objective weighting methods such as entropy weighting 284 

method to calculate the combination weight. 285 

6 Conclusions 286 

In this paper, five factors (strength-stress ratio, Russenes criterion, brittleness index, 287 
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strain energy storage index, and integrity index) were used to construct the standard of 288 

rockburst liability. A novel analytic hierarchy process was proposed to determine the weight 289 

of these factors, and a cloud model based on the new analytic hierarchy process was proposed 290 

for rockburst liability prediction. The conclusions were drawn as follows: 291 

(1) The proposed analytic hierarchy process made full use of all sample information 292 

through Bayesian theory. A quantitative index (i.e., Euclidean distance) shows that the 293 

weights obtained by the new analytic hierarchy process are more reasonable than 294 

those of the original analytic hierarchy process. 295 

(2) The proposed rockburst prediction model (i.e., cloud model based on the novel 296 

analytic hierarchy process) accurately predicted the rockburst liability levels of nine 297 

actual cases in China. It is suggested that the number of sampling in the proposed 298 

cloud model is 1.5104. 299 

(3) The error rates of the cloud model based on standard analytic hierarchy process and 300 

technique for order preference by similarity to an ideal solution are 1/9. The proposed 301 

model performs better than the TOPSIS model in terms of simplicity and 302 

effectiveness.  303 
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Table 1 A summary of assessment indexes for rockburst prediction 453 

Indicators Definition Ref. 
Russenes criterion 

c   
Russebes 1974 

Brittleness index 
c t

   
Wang et al., 1998 

Strain energy storage index 
et

W  
Kidybinski 1981 

Brittleness index Ⅱ 
c t c t

      
Pu et al., 2019 

Integrity index 
V

K  
Hou and Wang 1989 

Strength-stress ratio 
1c

   
Wang et al., 2015 

Elastic strain energy density 2
2

c s
E  

Pu et al., 2018 

Note:   is the tangential stress; c
  is the uniaxial compressive stress; t

  is the tensile 454 

stress; s
E  is the elastic modulus; 1

  is the major principal stress. 455 

  456 
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Table 2 A summary of multi-criteria prediction of rockbursts 457 

Model Input factors Ref. Multi-criteria 
decision-mak
ing method 

Machine 
Learning 
method 

Ideal-point  

method 

Russenes criterion 

Brittleness index 

Strain energy storage index 

Xu et al., 2018 √  

Support vector 
classifier 

Tangential stress 

Uniaxial compressive stress  

Uniaxial tensile stress 

Russenes criterion 

Brittleness index 

Brittleness index Ⅱ  

Strain energy storage index 

Pu et al., 2019  √ 

Random forest Tangential stress 

Uniaxial compressive stress  

Uniaxial tensile stress  

Russenes criterion  

Brittleness index 

Strain energy storage index 

Dong et al., 
2013 

 √ 

Adaptive 
neuro-fuzzy 

inference systems 

Tangential stress 

Uniaxial compressive stress 

Uniaxial tensile stress 

Russenes criterion 

Brittleness index 

Strain energy storage index 

Adoko et al., 
2013 

 √ 

Fuzzy matter–
element model 

Strength-stress ratio 

Brittleness index 

Strain energy storage index  

Integrity index 

Wang et al., 
2015 

√  

Extension theory Uniaxial compressive stress  

Strength-stress ratio 

Strain energy storage index  

Integrity index 

Xue et al., 
2019 

 

√  

Technique for 
order preference 
by similarity to 
an ideal solution 

Russenes criterion 

Brittleness index 

Strain energy storage index 

Integrity index 

Strength-stress ratio 

Xue et al., 
2020a 

√  

 

 

Extreme learning 
machine 

Tangential stress 

Uniaxial compressive stress 

Tensile stress 

Russenes criterion 

Brittleness index 

Strain energy storage index 

Xue et al., 
2020b 

 √ 

Annular grey 
target 

decision-making 
model 

Tangential stress 

Uniaxial compressive stress 

Uniaxial tensile stress 

Russenes criterion 

Zhou et al., 
2019 

√  
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Brittleness index 

Strain energy storage index 

Fuzzy 
comprehensive 

evaluation 

Russenes criterion 

Brittleness index 

Strain energy storage index 

Integrity index 

Pu et al., 2018 √  

Fuzzy 
comprehensive 

evaluation model 

Russenes criterion 

Brittleness index 

Strain energy storage index 

Wang et al., 
1998 

√  

 458 

  459 
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Table 3 Rockburst liability standard (Zhang et al., 2011) 460 

Input factors Ⅰ Ⅱ Ⅲ Ⅳ 

Strength-stress ratio <0.15 0.15～0.20 0.20～0.40 >0.40 

Russenes criterion <0.20 0.20～0.30 0.30～0.55 >0.55 

Brittleness index <15 15～18 18～22 >22 

Strain energy storage index <2.0 2.0～3.5 3.5～5.0 >5.0 

Integrity index <0.55 0.55～0.60 0.60～0.80 >0.80 

 461 

  462 
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Table 4 Typical rockburst cases in China (Wang et al., 1998; Xu et al., 2018) 463 

Cases 
Strength- 

stress ratio 

Russenes 
criterion 

Brittleness 
index, 

Strain energy 
storage index 

Integrity 
index 

1 0.37 0.67 12 3.5 0.53 

2 0.45 0.82 18.46 3.8 0.76 

3 0.29 0.34 23.97 6.6 0.75 

4 0.2 0.4 16.49 9 0.75 

5 0.26 0.91 16.43 7 0.75 

6 0.26 0.8 8.06 7.27 0.75 

7 0.17 0.33 24.56 5 0.8 

8 0.22 0.53 15.04 9 0.8 

9 0.37 0.31 22.86 5 0.75 

 464 

  465 
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Table 5 Calculated results of the proposed model 466 

Cases m1 m2 m3 m4 Prediction Field 

1 0.02 0.04 0.15 0.07 Ⅲ Ⅲ 

2 0.00 0.02 0.14 0.37 Ⅳ Ⅳ 

3 0.00 0.03 0.61 0.07 Ⅲ Ⅲ 

4 0.00 0.18 0.67 0.04 Ⅲ Ⅲ 

5 0.00 0.11 0.24 0.55 Ⅳ Ⅳ 

6 0.11 0.00 0.31 0.24 Ⅲ Ⅲ 

7 0.00 0.24 0.36 0.10 Ⅲ Ⅲ 

8 0.00 0.06 0.38 0.04 Ⅲ Ⅲ 

9 0.00 0.12 0.41 0.01 Ⅲ Ⅲ 

 467 

  468 
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 469 

Fig. 1 Some accidents induced by rockbursts (Liang et al., 2019) 470 

  471 

(a) Linglong gold mine 

(c) Stilfontein of South Africa (d) Laohutai coal mine 

(b) Junde coal mine 



30 

 

 472 

Fig. 2 A cloud with Ex=50, En=10, and He=1 473 

  474 
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 475 

Fig. 3 Flow chart of cloud model based on a novel analytic hierarchy process 476 

  477 

Input: A object X and Table 3 

Calculate Ex, En, He by using Eqs.(14)-(16) 

Calculate dij by using the normal cloud generator 

Calculate membership vector by using Eq. (17) 

Determine the class of the object X 

Output: rockburst liability 

Input : A PCM 

Eqs. (8)-(10) 

Eqs. (6)-(7) 

Establish a BRM by using Eq. (11) 

Calculate the weight by Eq. (12) 

Output: the weight of factors 

                Proposed AHP                 Cloud model 
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 478 

 479 

(a) 480 

 481 

(b) 482 

 483 

(c) 484 

Fig. 4 Ex (a), En (b), and He (c) 485 
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 487 

Fig. 5 23d and 32d vary with N 488 
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 490 

Fig. 6 Weights calculated by different methods 491 
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Fig. 7 Prediction results by different methods 494 
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