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Classified Prediction Model of Rockburst Using KPCA-WOA-KELM

GUO Yanhua,ZHAO Shuai
(School of Civil Engineering,Hebei University of Engineering, Handan,Hebei 056038, China)

Abstract: Rockburst is a common engineering geological disaster in deep rock excavation. In order to
predict rockburst intensity grade accurately, this paper proposes a rockburst intensity prediction model
based on KPCA-WOA-KELM. Firstly, rockburst evaluation indexes are determined according to the in-
fluencing factors of rockburst intensity ,and the kernel principal component analysis (KPCA) is used to
perform feature compression on rockburst data,so as to simplify the input data structure of the model and
fully retain the data feature information. Secondly,the kernel-based extreme learning machine ( KELM)
was used to fit the nonlinear mapping relationship between the evaluation index and rockburst intensity,
and the whale optimization algorithm ( WOA) is used to optimize the parameters of KELM to reduce the
impact of manual setting parameters on the model prediction effect. Then,the accuracy, precision, re-
call, F-measure and other indicators are used to evaluate the prediction performance of the model. Final-
ly, the prediction of rock burst intensity of Zhongnanshan highway tunnel in Qinling Mountains is made
to verify the feasibility and applicability of the model. The results show that KPCA-WOA-KELM can
simplify the data structure more effectively, effectively avoid the local optimal solution,and improve the
accuracy of rockburst intensity prediction.
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Fig. 2 The process of rockburst intensity prediction model

2 ARAEMEXZBRESH

2.1 FBRIETNEFRER

S A 0 D 3 HLA I 3 8 R R AL
SR S e L W N S AT P o G ) Y o B
F207 2 ARG IR | 1 W AU XA

IR FEL P b 2 38 Xk 2 g 1000 438 A 114 20 HUE
WERTAONESHECA B E, — Bk, 1
BUA NS BRI AT 45 5 T A AR 5 T #2
PEVESE /9 45 K1, BE M 221> J7 TH1 S R o % Y e AR
E)=0

AR A AR 3R R S B AR SO
FHEE D, Bl e R YIS o, B4 BT e 5
o, BRBTHLRE o, , N4 R B SCF (kY]
li 147 3 BRI 3 52 ) | WG 2R 2 (A L i
JE LU SRR R B, AU P B 2 22
HWMHEZMEPLE B,) , FRIERE AR W, M
A AR AR AN L 2y 3 S B e o
e FRRCERE TP AR R R R AR LG o
BT 2% Mgk Mg V2, 3% 1 AR B H T
EREE YRR

2.2 KPCA $5{FREX

KPCA FFEE UL IR .

(1) BHUA B

(2) 3 — AW W B e e

(3) o FHAZ 4 I5 P A 72 (] ik 22 vy 4 25 (1)
AL K, o

(4) BZERE oA B

K=k-I, xK-KxI +1 xKxI, (29)

Hrp 1, TR BN 1/n HERE

(5)RARAZIE B A RRAE AE A, HEP RRAE 17] 5
o, TEHUE p(p < n) DHFEI R IFHRIEA(8) HL
Ak

(6) 3R AE FVRRAE 7] =45 Hh 3 B, FEAS
x TERHIEM & o FIYBES

n

= X ald(x) 8(x) = X alK(x,x)
k=1,2,--,p (30)

j=1

x1 TEAERAFENSBRANES LIRE

Tab. 1 Classification standards of rockburst intensity based on different theoretical criteria
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Tab. 2 Comparison of feature extraction results of different kernel functions
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Fig. 3 KPCA-WOA-KELM rockburst intensity

prediction results for different core
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Tab. 5 Measured data and prediction results of rockburst in Zhongnanshan Tunnel

M%/m o,/MPa o, /MPa o, /MPa SCF B, B, W, SCERFURE HUM AR
119 43. 1 122 5.38 0.35 22.68 0.92 3.31 II Il
283 87.5 121 8.73 0.72 13. 86 0. 87 9.05 I\ I\
316 79.1 124 8. 64 0.63 14.35 0. 87 7.74 \% v
467 56.2 119 7.21 0.47 16. 50 0. 89 5.52 I} i}
659 62.8 120 6. 45 0.52 18. 60 0.90 4.16 Il Il

MR B EE FAEFERLG A T KPCA-
WOA-KELM il ¥ Ge, 45 R KW, 45 #% KP-
CA-WOA-KELM #H# T #.—1% KPCA-WOA-KELM
A T RE

3) ARG 6 1 A A A I B K HL R T
T LI (6 o T T T bR A R A T T &5 SR SR W
LSRR AR R AR — B, D AR B —
() T2 FHAME

SENMK:

(SRR, W, Fo65% 4 HmeE L mmR[T]. &
£ S5 5 TR2AR,2019,38(4) :649-673.

[2] 8 B,INLH , M4, 55 DRIARR 2 I Bk 38 A 4 T
Mg GR5E[)]. A A J15% 5 TR, 2005,24(16)
2982-2988.

(3] KR, FE R AR AR 1], A A 1%
T R4 ,2008,27(10) :2034-2042.

[4]WRI4, MRS, SEAm0pr , A5, MR 100 A9 N T 22 9 4%
BRI J]. A TR, 2002,24(2) :229-232.

[5]FMHE, &4, IMLH . TSR BRI A A
BEAYBMARSE[T]. A £ H1%,2010,31(2) :529-534.

[6] FInil, ZREMR , 28Rk, 45 A MR T A BRI 252 25 &
WAL HA %S TR, 1998,17(5) 1 493-
501.

(7)X 4, 5 1R, L3, % JET 0 6 LB/ A B 10
SR FM ST (1], E§ Ak, 2007, 16 (12) ; 100-
103.

(8], XIHT o, 4. BT v-SVR B 1 248 7
AL T]. BEp4R,2008,33(3) :277-281.

(9] &JE Kk S EEE. FTF AdaBoost &7 I A4
FEMBFT[T]. A+ 1% ,2008,29(4) :943-948.

[10] G , 3K R0k , BLFAF. 36T PCA-PNN JFUH A0 A48

FUBE SR IR TT 5[] P54, 2019,44(9) - 2767-
2776.

(IR 2, X T &, £ 800k, 45, A B A5 I 1) PCA-
OPF #RI[J]. §71 TF2,2019,39(4) : 1-5.

[ 12]LIN,JIMENEZR ,FENG X D. The Influence of Bayesian
Networks Structure on Rock Burst Hazard Prediction with
Incomplete Data [ J]. Procedia Engineer,2017,191;206-
214.

[13]#E 55 SRAEF. 55T 215 8% o320 A7 B 1 JE sl 2
PEAEREAI[ )] P LT AR, 2018,44(11) :40-45.

[ 14]SEYEDALI Mirjalili, ANDREW Lewis. The Whale Opti-
mization Algorithm [ J]. Advances in Engineering Soft-
ware, 2016, 95 51-67.

[15]XRIE. FET WOA-LSSVM ({8 NO, HEJis & T 4%
B[] AL )R 222441, 2019,46(4) :1007-2691.

[ 16 JHUANG Guangbin, ZHOU Hongming, DING Xiaojian,
et al. Extreme Learning Machine for Regression and Mul-
ticlass Classification[ J . IEEE Transactions on Cybernet-
ics, 2012, 42(2) . 513-29.

[17]BBRAZ A . 3T MIV-MA-KELM £52 8 (1) 55 4 51
SERIM )], [ 22 2R 24, 2018,28 (02) 1 34-
39.

[18]ZHOU J, LI X B, MITRI H S. Classification of Rock-
burst Inunder Ground Projects ;: Comparison of Ten Super-
vised Learning Methods[ J ]. Journal of Computing in Civil
Engineering, 2016, 30(5): 1-19.

[19] S IR TZE. 52T 9 A HLAS 27 20 S0k i 5 4 T )
WL, A e 5 TR SRR, 2020, 39 (04) ( 773-
781.

[20]E P, ¥ o, Se W05 45 TR AR U H 0 /) RBF-
AR FBRE BRI J ], RO 4 HUBRBE 7 Bl , 2013,
43(6) :1944-1949.

(DL EFH)



