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and Early Warning of Rockburst
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Abstract: Rockburst in deep tunnels is a hazard during the underground engineering construction. Accurate early
warning of rockburst can protect the lives and properties of engineering personnel. The intelligent technologies
such as machine learning (ML) have brought new ideas and methods for rockburst early warning, which has im-
proved the accuracy, timeliness and intelligence for early warning of rockburst. A systematic study on the current
application of ML in microseismic (MS) monitoring and early warning of rockbursts in deep tunnels was carried
out. Firstly, ML algorithms in the MS monitoring, evaluation and early warning of rockbursts were summarized.

The characteristic advantages of the various types of ML algorithms were analyzed. Then, the indicator system for
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MS monitoring and early warning of rockburst was discussed. The applications of MS monitoring and early warn-
ing of rockburst based on different ML methods and their effects were analyzed. The results show that neural
network (NN) is one of the most popular algorithms for rockburst warning, the MS event(N), MS energy (£), MS
apparent volume (V) and its variants are the most frequently used MS parameters, and most of the rockburst
warning paramelers are between 3~7 in number. Rockburst intensity is the research hotspot of rockburst warning,
and the warning accuracy based on most ML methods can reach 80%, which indicates that the ML method has
good application effects and development prospects. Finally, prospects were made for the development direction
of ML in MS monitoring and early warning for the rockburst in deep tunnels, i.e. advanced ML algorithms, the
accuracy and comprehensiveness of the early warning indicator system, the richness of the sample, the time
warning of the rockburst occurrence, and the capability of data processing to be further investigated in depth.
Key words: machine learning; deep tunnel; rockburst; microseismic monitoring; early warning
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Fig.1 Stacked time view with MS monitoring, rockburst, and prediction as keywords from 2005 to 2023

SR R R AT 1R B, DUt 2 Sk M 00 i
BORFNZR AR

1 ERHMERENTEEMEANISEEIR
RFRHIE

ML 2] B — 1] 28058 U RL, W A%
W gt GBI AT A R IR 2
FT5RE L2 ARG 2 RGeSt i n LA
R 3R AW RS W ) UL R AR
2 AR TR AH ML 2E S B b KR A A R T
D357 Tk A W 2 2 T MBS Tk
AL FE P2 W 2% (NN S 5 ] i AL (SVM) 13831
DU 307 1) 28 (BN ) 6181 e A% (DT) 120 B AL 2R A
(RF)P21 PR 25 ) 4% (DNN ) 22446 e Ah | 38432
O P R WO T s AR AL B T (GAO) X5 4
OO ASE F R AT A TR W 2R ) Tk RN R
RIS B v R SR 0 Y A 8 AR T T
Vo (PN P X/ g W Bii S s N S 1 Y e
RO AE A R VTAL 5 P rh v D

HLER 2 ] BAT AR SR 14 24 2 R e ee ), 9 HoxT
TARL R AR AL BEGE Ty . HAT, CfEZ
A ST TIE W) RE A R e 73 28 Tn) R, AR SO B
Pt JE 2 R VR TR A B K R il R IR

B, A KA IR BRIE 51 CHE T |76 63 5 i s
] 2 08 i 7K BRI 25 AR, BE R K RO W D
FCA R E B TR R Z ML ) Bk T2 1
Tl W T A 5 e AR A AR N SR 1 R
UTJUAF , A F RS B R FIHL 2% 24 2] 1 5 R PP A
TR 5 IE AL F IR R R B B, i3 1 T A
RRCGR M PSS ) B MR L, FEQ
i N T2 R (ANN) HER B2 M 2% (PNN) | 4
TR 2 M 2% (CNN) \RF |, [ 38 ) #2 7+ (AdaBoost )
B 32 TP KA (GBDT) W iy #4 FE 42 T+ (XGBoost ) |
BB R Tl (LightGBM) BN NN 2 5 [A] )5
(LR) M2 DUH-H7 (NB) | i 73 72 (GP) L 2 )2 A
AP 2 4% (MLPNN) \DT # (T) .SVM 4§ NN J&—
T ASE 75 A2 ) Ao 25 IO 2% 235 ) R D) R %) 2802 A A BT
AR TRENS H sl F I AR O R b HR AR
Bl T N [ B2 SRR 52PN B 0 1Y 2F 2 OF
ARSIz ALRE T, s/ a2 pioR, & 2,
BARIRE AR 3N, B OE F A, unit; SE, B
PR R, )3V, REBARR, m*; N, OB F 045,
unit; E: SR REE, IV, R m?; T, 22 B B E], day
n, WS % unit/day ;e , T80 BE 1K o, AR
KRB RE RSB My, W B 4 N -m; Ry, 2
7% omA B JT, Pas Aoy, AR J1 R Pa; Ao, i



% 5 4 LA, A5 B >0 T R G 5 % e M ) T o Y o T 13

F1 HBRMERNFERAXNFEIEERMEER
Tab.1 Machine learning algorithms and warning indicators related to microseismic monitoring and warning of rockburst

ML algorithms Warning indicators References
ANN SN logSE logSV .T Reference[32]
MIVA \MFA (PNN 2N log3E log%V \n loge Jlogv Reference[33]
CNN E.V.N.IN.XV 3E EI Reference[34]
BN My .E Ry A .0y Reference[35]
DT N.EV.T Reference[36]
MLPNN ,SVM \RF , Adaboost ,GBDT . XGBoost 3N .3E 3A 3V My.b D, Reference[37]
LR .NB .GP MLPNN .SVM .DT SN logSE logSV 1 loge logy .T Reference[38]
GAO . ANN SN SE. SV Reference[39]
T EM,V A .o Reference[40]
Nonlinear-SVM SN 3V 2E n.loge logy Reference[41]
RF .AdaBoost .GBDT . XGBoost .LightGBM SN2V ZE n loge logy Reference[42]
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Tab.2 Feature advantages of various ML algorithms
ML .
) Characteristic advantages
algorithms
AN Simple learning process, high classification accuracy, strong fault tolerance, strong generalization ability, and
ability to handle complex nonlinear problems 1233
RF Can improve the generalization ability of the model®*
LR Can produce well calibrated prediction probabilities™
GP Consider prior knowledge by specifying different kernel functions®
SVM Low overfitting risk and good performance for nonlinear datasets and high—dimensional spaces?® =
DT Capable of revealing complex and uncertain model mechanisms, processing datasets of any size® *!
BN Requires less training data, is insensitive to irrelevant indicators, and can calibrate complex data®®*
AdaBoost Base learners with lower error rates can be provided with larger weights?*!
GBDT Has good classification performance*
XGBoost Can prevent model overfitting? !

LightGBM

Has faster training speed and can reduce memory consumption
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