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Rockburst Intensity Prediction Model Based on Newton-Raphson-Based Optimizer and BP Neural Network
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Abstract: Rockburst intensity prediction is a critical task in mine safety management. To improve prediction accuracy and
practical applicability, a rockburst intensity prediction model named NRBO-BPNN that combined the Newton-Raphson Based
Optimizer (NRBO) with a BP Neural Network (BPNN) was proposed. By integrating a gradient-guided search mechanism
based on the Newton-Raphson method, the model effectively overcomes the problem that the traditional BPNN is easy to fall
into the local optimal solution during the training process, and significantly improves the global search ability and convergence
efficiency. Experimental comparisons demonstrated that the NRBO-BPNN model achieved an accuracy of 100% on the training
set and 86.67 % on the testing set. The total accuracy rate is 96 % , and only four misjudgments occur. It is superior to common
models such as traditional BPNN, Support Vector Machine (SVM), Random Forest (RF) and Extreme lLearning Machine
(ELM). Finally, a comprehensive system for predicting rockburst intensity was developed based on the proposed model and
successfully applied to on-site data analysis of Maluping Mine and Dongguashan Copper Mine, verifying its engineering
applicability and practical value. The research results indicate that NRBO-BPNN can provide more efficient and accurate
decision support for mining engineering safety design, and has significant potential for engineering promotion.
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Table 1 Data characteristics of rockburst intensity data set
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Fig.2 Prediction results of rockburst intensity by NRBO-BPNN model
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Table 2 Rockburst intensity prediction of

different machine learning model
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Table 3 Prediction results of project examples

SR T B0
I 7N c c 1 th 7]
LR oolo oo o NRBO-BPNN BPNN SVM RF ELM
=y S0 0.45 11.20 2.03 2 2 1 3 2 1
e INITE: R 0.46 11.10 3.97 3 3 2 4 2 4
PR RUFT ELM #5584 H . NRBO-BPNN A& A1 H A 8 5
a7l

ARSCHEH T —Fh 3 F NRBO-BPNN i 5 48 51
BEFUM 5 vk, 38 5 454 NRBO %9% F1 BPNN #5#1,
B SR TE T I B v R A TR . S
Bt 52 2% 4 TR A PF R B — B A A Y, NRBO-BPNN
TR 7 A 0 R 0 e B O g ) A B R AT R
P ELAT T A L A 5

(1) @it 5] A NRBO, fift gl 1 Ji 1f 25 2 4t
AH CE e Y Ta) R, 4 T T S A B 55 R I AR
R Fae tE

(2) 5441 BPNN # A SVM #5 Al | RF ##

PR T A 0 P, DI R AR HE B R 100 0, 35X 4R E 1
N 86.67%
(3) JFR T i BR B RE TN 255 2R G, e 1 A5 Al
I ] b B PP A A L AR - TR I S B T s
R ZURE RS TR TOUI L 36 UE T R B A S BR T DX Y
AR T I AR L TR A BOR SO
2 % 3Lk (References) :
(1] R a0 vhili iR i 52 SCHLRL 43 28 B H 5 1 990000 A6
B[] 4 2 J1%,2014,35(1) : 1-6.
QIAN Qihu. Definition, mechanism, classification and
quantitative forecast model for rockburst and pressure bump

[J]. Rock and Soil Mechanics,2014,35(1) :1-6.



EY

2]

(3]

[4]

(5]

(6]

(7]

FR.EFATFHMELB A EE BPAZME W 2 BRAETAMNEA[J]F7 AR S F4L,2025,45(8). 133
R BUACR B B E B 1 R B T R [ ML EE R R K2 [8] RAVICHANDRAN S, MANOHARAN P, PRADEEP J.
At 2020. Newton-Raphson-based optimizer: a new population-based
CAO Shugang. Research progress of modern mining theory metaheuristic  algorithm  for  continuous  optimization
and technology [ M ]. Chongqing: Chongqing University problems [ J ]. Engineering Applications of Artificial
Press,2020. Intelligence,2024,128.107532.
aeF A X T M T, SR DR TR 3 R R AL 1 R A [9] RUMELHART D, HINTON G, WILLIAMS R. Learning
BHUHI S RO L) AA %5 TR, 2015,34(1D) representations by back-propagating errors [ J ]. Nature,
2242-2250. 1986,323(6088) :533-536.

ZHANG Chunsheng, LIU Ning, CHU Weijiang, et al. [10] LIPPMANN R P. An introduction to computing with neural
Inducement mechanism and case analysis of tectonic nets[J]. IEEE ASSP Magazine,1987,5:12-35.

rockburst in Jinping [l deep buried tunnel [ J]. Chinese [11] CYBERKO G. Approximations by superpositions of a
Journal of Rock Mechanics and Engineering, 2015,34(11): sigmoidal function[ J]. Math Control Singnal System, 1989,
2242-2250. 2:303-314.

B HL SR IR L A R BRI 47 SR R LR S A [12] WANGC, XU J H, LI Y F, et al. Optimization of BP
BB [J). T & 5 T8 % #. 2020, 16 (6): neural network model for rockburst prediction under
1866-1874., multiple influence factors [J]. Applied Sciences, 2023, 13
WEI Xiugi, TANG Chun’an, ZHANG Shichao, et al. (4):2741.

Research on rules of microseismicity and early warnings of [13] = #, 3k oL B, 5k & . %. 3% T SMOTEENN-CGAN-
rockburst in 4% branch tunnel of Qinling tunnel[ J]. Chinese Stacking [ 2 # 210 B 48 2% W00 WF 5% [ . T 4 T 24 4R,
Journal of Underground Space and Engineering, 2020, 16 2024,32(6):2264-2276.

(6):1866-1874. GAO Mei, ZHANG Chengliang, ZHANG Huachao, et al.
T LA AR, LI T 9 G 2 A A B VR 1 e R TR Rockburst intensity level prediction based on SMOTEENN-
W BP BR AR []]. F B B TR 2 4 (AR BE 3 1D L 2021 CGAN-STAKCING[]]. Journal of Engineering Geology.,
46(5) :32-37. 2024,32(6) :2264-2276.

WANG Chao, LI Yuefeng, SHAO Lin, et al. BP neural (147 VEpss . ook K2 . 4. & T LLE-DBSCAN-SMOTE %X
network model optimization for rockburst prediction based 5t 4k T ) B ST A A TN (). b [ 2 A R 2k 2F 4R, 2024, 34
on nine unconstrained optimization algorithms[ J]. Journal of (12):140-148.

Kunming University of Science and Technology (Natural FAN Chengqiang, XIA Yuanyou, ZHANG Hongwei, et al.
Science) ,2021,46(5) :32-37. Tunnel rockburst prediction based on LLE-DBSCAN-
ks RUDE R, S LU R T Sl RE T R A 4 I 4% 1 R TR SMOTE data processing[ J]. China Safety Science Journal,
LI TT VR 42, 2023,43(5) : 405-400. 2024,34(12) :140-148.

ZHANG Ting, ZHAO Xiaofeng, CHAI Hengshan. [15] WANG J C, DONG L J. Risk assessment of rockburst using
Rockburst prediction method based on the back propagation SMOTE oversampling and integration algorithms under
momentum neural network[ J]. Jiangxi Metallurgy,2023,43 GBDT framework[ ] ].Journal of Central South University,
(5):405-409. 2024,31(8):2891-2915.

ZERR G 8 T S ST APSO-SVM 58 A [ 25 5 51 B [16] S8BT S 1) d AL A o o8 B0 F 5 55 10 FH (0.0 I K 25

B 5 kL1084 . 2023.,39(6) : 167-170.

LI Junmin, ZHANG Ting, ZHOU Yisheng, et al. Rock
burst intensity prediction method based on APSO-SVM
model[]J]. Modern Mining,2023,39(6):167-170.

A M ,2024,38(4) :92-96+ 133,

WU Han. Research on rock burst prediction based on a
support vector machine [ J]. Fly Ash Comprehensive
Utilization,2024,38(4) :92-96+133.



