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Prediction of rockburst intensity grade based on convolutional neural network
LI Kangnan*?, WU Yagin®, DU Feng"? ZHANG Xiang"?, WANG Yigjiao*?
(1. Key Laboratory for Precise Mining of Intergrown Energy and Resources, China University of Mining and Technology (Beijing),
Beijing 100083, China; 2. School of Emergency Management and Safety Engineering, China University of Mining and Technology
(Beijing), Beijing 100083, China; 3. School of Mechanical and Electrical Engineering, China University of Mining and Technology
(Beijing), Beijing 100083, China)

Abstract: Rockburst is one of the urgent problems to be addressed in the process of deep resource extraction. In order to predict the
rockburst disasters safely and efficiently, a rockburst intensity grade prediction model (MICE-CNN) based on the Multiple Imputa-
tion by Chained Equations (MICE) and Convolutional Neural Network (CNN) was proposed. Specifically, a predictive indicator
system was established based on the main influencing factors and the acquisition conditions of rockburst. A total of 120 sets of raw
data from rockburst cases were collected, with the outliers processed by pauta criterion. Then, the missing data were interpolated

with the four interpolation models of RF, BLR, ET and KNN, which were selected using MICE. Besides, data interpolation was per-
formed with the optimal model selected according to RMES, in combination with the two traditional interpolation methods (Mean
and Median), resulting in a complete data set. In addition, the data were flattened into a 6L <1 one-dimensional image data as the
input layer, and the sizes of the convolutional kernel and pooling kernel were calculated to be 31 based on the size of the input layer.
Moreover, zero-padding was applied for the feature edge processing. Batch normalization layers were added to improve the model
stability and convergence speed. Thus, ReLU activation function and SGDM optimizer function were selected. Further, the CNN
prediction model was trained, with accuracy rates of 100% for the training set and 91.67% for the validation set. Meanwhile, the RBF,
SVM and PNN models were established for the comparison and verification of their test set data with that of the CNN model. Gener-
ally, the CNN model shows higher accuracy (91.67%) than the other models. By comparing the confusion matrix of the PNN model
with the CNN model, it is found that the CNN model tends to overestimate the degree of rockburst compared to the actual results,
indicating better safety after misjudgment. This demonstrates the feasibility of the MICE-CNN prediction model of rockburst inten-

sity grade.
Keywords: rockburst; intensity grade; indicator system; data interpolation; deep learning; prediction model
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Fig.1 Flow chart for establishing prediction model of rockburst
intensity grade
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Table 1 Rockburst classification standard

R 2\ 1 ke G ERER

e 5 EE

Russenes H| 4 00/0¢ <0.2 0.2~0.3 0.3~0.55 >0.55
A S E o/or  >145 145-55 55~2.5 <25
TRR LA aloe <0.3 0.3~0.5 0.5~0.7 >0.7
CEEEEiRo Er/Ep <2 2~35 35-5 >5

BMERNAS SR o 2E <02 02~05  05~0.75  >0.75

FxoarEfeiest UV <50 50~150  150~200  >200
CIESE L o/ot >40  40~26.7 26.7~145 <145
AT R AL ulu; <2 2~6 6~9 >9

VE: 05 IR % B DI IR/, MPas o 2 A1 BE DL B, MPa
o1 NECKERISI, MPa; Eg JoMlERIN S fUSLIERASRE, KIm®: Ep
Jo MBI RO AR, kIm®s E AR R, GPa: U°
NUERTAE SRR, KIm®: UP MR BORREREE, KM o N
iﬁﬁﬁﬁg,M%;wﬁmﬁ%ﬁ%ﬁﬁﬁﬁﬁ%%%&%ﬁﬂﬁ
FHRRKERRAESBARE . M.
J1 55 FAR BN R PIH 5B, X S HUT
HBREMRENZ, HRREAEE. HafE N
HMHTEGE— W AR S S R AR AR A R, (HEZH
5 3~6 Fa B AR EUE A %S5 T2
R TN br ik R BEAS 5 T3REL, B0t 560
TUARTEE S PO 8], 7 ELAH OC BE /IS 1 R 2R 08 25
BE AR S E — B FERE _E SR (2 5] 5 e i
TR RRERZ AR, AL I R E R, M
A R B K w2 . HER 1 B EA AT L
15 BT 55 1 03 JE bR HE BT P 0 L B AR T 11
MR, e b, BRI RUERE, HAe
% 4 THT I B RN AIE (5 S S 5, A 2883 U] =5 A
KUNFIRLTT oo EA HHPUETRE o0 A4 HHhHT
PRI o BRI BEL oploe H A R NETE R
ocloy MBNVEARTE BE ZREL Wt 6 T bR 4 il 1 0L 418
AN
2.2 HEARIERIIREL

BT AR AL AE BN br ik &, @it
b7 R I Y IR SRy e e e s AN S
S, 193] 120 2H SR kAR B R I 5 ah Ho s Sk
SUE BTN, SRR LK 2, Hb, B 55,
AR SREUEIR 4 PRI Ay WA AT 1. 2. 3.
4 KR,

F2 WHIIELHREGB LR

Table 2 Partial engineering examples raw data 2
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Fig.2 Structure of convolutional neural network
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Fig.7 Prediction results of training set and verification set
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Table 5 Prediction results and accuracy of each model
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1 1 1 1 T T
2 2 2 3 1 2
3 1 1 1 1 1
4 3 3 2 3 1
5 4 4 4 4 4
6 4 4 2 4 4
7 3 3 3 3 3
8 4 4 4 3 4
9 3 4 1 3 3
10 3 3 1 3 2
11 1 1 1 3 1
12 2 2 2 2 2
WAL 2R/ % 91.7 58.3 75 83.3
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Fig.8 Confusion matrix of CNN and PNN test set
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