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EEX AZa R, A sl g, BB
(1. B T REEEER T B, =8 B 650093;

2. BB T RN TSN 28 H6E, =8 BW  650093;
3. ZE T RURBHMEERAR, =8 Hi#E  657200)

WE: LN EA TR ERAETN, BEFH T IREREG B, BHET —AETEASH
fE - S HERE-FTHEEHN (BKA-CNN-SVM ) W2 EZ EHRMER . &%, RiE 28
EWBHER, HLe MNEELZ BTN/, HEENI284 45RO, Zx s BEEE; &
L BINTRFEN 5 1.5 M2 HFHATREEI R EES; &85, RARE RS0,
B IATIEE BRI, AT RBMANFMEE N ER TN & E, BRI NRFEE, &4
BHE FHEFE. BEEAEAERHAATIIE, A 5ERHEMNE (CNN) #EA HRZET
ML (ELM) A R LM% L5 L FmEN (CNN-SVM) ERER M7, X
* . BKA-CNN-SVM A sy g = K E F E. 7 EE 455 #£75 9535%.0.89,0.92.,0.94,
ERUEEmZAEE EHAE R THAMA XA ZEATNEF R KB RIE, &
RET, FMNEREAGHFER ARG M. ARERT A BERTMBEI T &

XBIR: B IRV ERHE RN L, XHFEEN; BRESMMEHS

F & 43 3£ 5: 0347; TU45; 0521.9 MERAR ARG A
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TR, 7| 2 I A e L A A 1 I 722 R R (B R T, A A A e 2L RIVRH S SE B T R AR B Y, B
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HUARICE H 3RS, EEE R LT TR A R R TN DA g 0 DRI, R o Y S T X
R TSR ML e B EEE X,

Sk R T 5 R AR B, ] PN A 2 X R O I AT T RO . BN B SR AT R Mot
ARG KRGS YIRCRBOE . o S 45 7 1k O 78 e ZBE Tt vh vz i L (R I 205 vk
EA B FEWPE, v REEm BUAEE . T ABAFILHRU ., ZmE R AL, TEE G2 F
W, AR AS 2 R 5 5 R S G A] A N TE R 3R, B T et 0 0 2 4% 55 0 ) o A o) )

AR, REAb HlL i AR & S5 AR B 2 (B &2 A2 AR 26 5C R ML 27 >0 Oy vk i & e, 45 5 B dis ab
B WLAR S 2] Bk DL T e e A A TR ke i pe e o TN i) RS2 Bl SR . W AR e AR SR i 0
AL B A Ak 32 4 W) & AL (support vector machine, SVM) H B 122 52 Wi A5 74 43 250 SR FDEAG R 2 B9 45571 2 8
c MM RELS AL g, TEEG R SO0 S5 1 T SEA T A AR 00 o 2 B A 4 ) 0 A6 FRM 22 X 4% 5 | A e Tl
w38 2o i X R 2 AR I X B i A AT A AR, B R T A R TIRG AN AR R W SR S AE A
2100 38 15 A% 3 B 4343 BT (kernel principal component analysis, KPCA ) $2 BUA B BUHE SR 1E, R A i f0 AL 54
1R X B 2% ) HL (extreme learning machine, ELM) #E47 S50t 4k, ke e 1 N TS X 45700 3300 %) 5 )
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EEUH: HKHAPHA (52264019, 51864023); = 44 A Al 55 13050 B % 451 H (202401AU070175)
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i LIRS, HLas 2% S 456 SR A B UL K T a e s A AR 1 2 R T 3k R 3 — o 1 ]
PR 3 P, SR, T B X A AR S R BRI A R, BB RS M TDORS B . e, R T R
TCE B R R AR A T (5 LU /)N, A7 78 B50HE AS 49 48 1) [a) B0, A2 0 B — B30 0 1 2 B30 ) 40 1 15
RE 1855, MELL T84 A 353 2% Z2 REME BN T4 S SORUINDRS FE IR . BFSEIE S, SE BUBE AL ] LS55 & 24>
P — AP PG A5, XTSI B A R A A 3B O TR O, AT 3 R e AT A v R R AR U R, S A
TR B A A S8 A7 K 2 B0 M R S 8 TUIORG BB ) 52 T, A 5 T S 8 2 45 B 22 M 4% (convolutional
neural network, CNN) 5 7 # [a] ML HE S, @37 CNN-SVM £ il Al FLR, 22 FE AR A 2 B0nH s 250 T 00 ks
FE IS, 51 A B8 5 0 1k 392 (black-winged kite optimization algorithm, BKA) {4k CNN £ %4, #E 6 A
T S O R TR T S B R 5 0, HEST BKA-CNN-SVM A 0 o J& AU AR RS . A5 e mis
i Z 18] ) 22 4528 SLTUA P, 05 Tl Ak 3 B B, SR FH 47 58 U3 TE 3R U DA% 2 201 KPCA ¥ 0 5 1%
BRSO A 20 1A 2 1 B 2, K5 T 75 %) B00E R iR B A 2 282 BKA 4L 1) CNN A1 SVM (1 42 Wi 43 25 4%
FRHEAT A R T A3 AT o B AL AT R 2 AN TE M e bR, I BKA-CNN-SVM A 2 F AR 764 11 2 28 0 I
JE RS PR, LA Ry 25 R S0 2 At — oy L B

1 =BRIE

1.1 KPCA

KPCA S 3 T4 053k 0 o 0 M 7 ik, & 78 S IRA% 58 3208 3 W 5305 A8 Ak BRAR etk vl o Bodie
TR JRIBR , 787008 B R R AR5 B 1. KPCA T 5 A% pR BSORE K0t e S 22 v 4 25 8], 39 5 080 1212225 W)
AR AE T o3P, sl O AR SR PR Y 3R Gk, S TR AR ECRE 10 TR 4 RS 52 A B R T A, BRI T
BTN e i B T B o AR W FE X KPCA SR AT 5 A% 28 SUBAIE, i 2 i A% S 8L o B HUEL, F1)JH KPCA
X A PUAL B, R AR 8] A4 AR SR I 2, B IR BRI

TRBEA n DHEAR, BDFEARA m DL, ESLAIRFEAR TR X, , I — 105 PR AT I X o

5, A B oK L @R AR B x; € R ST R R 4R RAE 25 AR, 75 B 5 AR B B9 RO AR L
WIS @ (x,), 5 ST B BB R 25, DU R 25 8] v By I 25 36 A

1 - T
c=- ;¢(xi>¢<xi> (1)
I 6F 87 PR 7 R

Cv =y 2

s AR 4351 R T3 D 2 56 R 0 FRAE A FVRAAE 1) 5, FLIAA A > OB Mg v ERTE & (x)
RIG, ML (1)~ (2) WIARRHE ] oy

S px)'v
v= Z = ;¢<x,~>a,- 3)
_p(x)'y
T @
M5} i 5 A2 S 2, v TR R, (Rt 51 AR BRI Bk (x;, x ) HEA T AL PR
k(x;, x;) = $p(x))" d(x)) (5)

fJa, WWRAZAERE, KX (1), 30 3) MRAK (2), I M AT N BLE 3, TR # X (5) BIA
BREER @) 1, kg
Ka = na (6)
Kb KON kXS RLIAZHE RS, @ = (01,00, ) o
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L (6) HEFIEME A > A, > - > A, S H X R BRI ] i @y, @, @0 BEBUR 1C1<n) AR W
T2 BT TTERR KT 85%

2:1J§i&>8ﬁ% @)
4 R0 DTHR A IA BB ORI, T ATHTEA ¢ (x )R S I8 j(j = 1.2, - p) AR AR H

yi= Y allpCe) g = Y alk(x, x,) ®
i=1 =1

1.2 CNN-SVM 2t &

1.2.1 CNN

CNN J& T TR B 2 2 SR — R 51 7E 7Y 17 057 1 22 00 265 AL , 3 o Jmy ¥4 22 3 AR AR 3 52 1 O =0 25
B v IO 28 A 1 B LA 8, AR RLS B XUBS: . i BT 1 Tz, CNN B i e s AR L B R | itk
JZ AR R R R A JE O I 2% B0 R R AR T S R E B BORE R AL BB U
A FRUZ A M Al L) 305 B P 94 B 22 T 0 R SRR, 38 AR e M 0 ek 8O0 o 2 ST A TR RS R
BAe i AR L sh S s s 5, SR BURRIE S RO OBt = AL =D WAk Z T T SRAE, A RHIE ]
NSF, SEi R P e, IF 5 e 2 AN . A R AR A I 15 21 14 22 HE KRR 14 — 4 1) i, SCBE
B = 4 ARG 1A, RIS 2% 2] 4 Fh 2L A RRAE . ONN G B B | it Ak S B MR 4R BOR I BARAE, SR 5
iR 28, AT i vog AL AU ) SRR RE ), I B RS S BRI T Bk

Feature extraction

Tag sort

E
»;,

Output
layer

Input layer Convolution Pooling  Convolution  Pooling

Fully connected
layer

Bl 1 CNN BRI SR
Fig. 1 Basic architecture of CNN model

122 SVM
SVM J& —Ff 5 T 45 11 27 FVe RN 45 ) IXURS: S5 /NP0 S I B AL 25 2% 20 O ik, 38 ik i A% R 80E Rk
LR MR AR OB S A 2 [R]85 o i 23 ), LS 3R A S 2 R A e e e R A S5 R R L 124k
fiE 75 . e /N L REAR A A AR RO S5 0, AT DL S i b B AR LR | R ORI A O
T SVM B TAEJREE, B4 K& SCHRUEAT 73R40 B, X BOR FasAk .
1.2.3 CNN-SVM #& 38 i
%45 CNN Hr (10 3tk J2 AT S8 12 48 0 A% B0l (9 R 4, (H 248 KPCA &b B 114 5 1B A5 0 R AF 4 45
o 2T AL 2 0T g S BUE B &K, A5 CNN R E R )Z—HtH—1b)Z—Relu JIH 2 —
FEFZ— A RZ ST, AR S 2R SR b it Ak )2 o HE— 102 0T RLFE R 25 20 S
I A A4 T E IS Relu J0HE J2 AT LASE SiASE R e S5, I 107 1 #0045 B0 42 5 25 7 2 U ml sk — 2 4R 7
BRI IZ ALRE JT o SVM J& —Fh S 2 1 43 2 500k, 5 )k 5 A /IR AR B4 4, [RD s, JHGXoF e 2k 540 5
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A7 5 A ANRBUR A, RS AE — KRR E b R aBE 2 4 M [m) REUST S T, SR SVM B AE SE Y CNN 43
IS IR VIATI, FF H A SCBR 0 28 20 45 = K HEN ), ARSI HE S CNN A SVM, a7
CNN-SVM £E BB R, 47 73 S il .

CNN-SVM £ i BLRERRAE 52 0 43 2820 3R 43 15, Horb, CNIN VR RRAE 4 B, 4 BB 1 508l v 1y
FEAE, fii A 2 SVM 43 288317432807, CNN-SVM £ A F ] SVM AL RE 71, I fl & 6 B VR D
SVM (A% BREL, & T+ T AT AE 43 254155 v ) 4 BB 2 BRI N e, ELAAR i /8 LI 2.

Data preprocessing

Data tiling [ Data normalization |« Partition data set |« Data
Y
Input layer SVM model
I
. Output result |« Data inverse normalization
Convolutional layer
A
) Create SVM model > SVM simulation test
Batch normalized layers
A
Relu activiation layers Data type conversion < Input feature value
A
No
Dropout layers »  Fully connected layer
v
Is it up to

standard? Training model

CNN model Extract high-dimensional features

2 CNN-SVM kit
Fig.2 Flowchart of CNN-SVM algorithm

1.3 BKA

BKA J& 15 400 22 0 15 7F Yoo A B8 v 2 0 9 5 B A 1 RN BB AT oA B AR RE AR AL R
AR Y A A RS S R S i = R L R o o R X W =W N -8 =T = Rt 5 G A 3
AR B BT 3 AW B MR fE . SOl AT AR T R o
1.3.1 FhEHBK

Bl — L BENLAE, H R R R TR RN R RS
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Bl,l Bl’2 Bl,d
B2,l B2,2 e e Bz,d

B=| : SRR )
Bp,l Bp’z Bp,d

K p MIBAERR YT B, d R4 € R AEBE KN, B w s i MBS B j AN 4ERE . 5 il
(BB RSt e A
X; =B, +r(B,,—By) (10)
K i N 1~p ZBIEEEL, B, F B, o SR EE i A~ B S S j 4E 0y T AR L5, r 78 [0, 1] X [AIBEALIEAE .
TEFPRER 4R A b, PR S5 R 1538 IV B S5 4 B AR AE A R0 i Rl B 0 T2 3, TN R R e B . B
WG F 35 X, B F RoR A
Joest = min(f (X;)) (11)
XL = X(fX) = fre) (12)
132 HH1TH
ZRBSAFE AR AT R, HTF2REE . DT 2B 17 b e s

- yf’j +n(1 +sin r)yi’j p<r
Yin =9 i y (13)
v +nQr-1)y,’ else
n=0.05¢2"? (14)

A YR AR BRS¢ AN o+ AR dRRINLE, p R 0.9, T EIERIEL
133 T#ITA

H AR Gt A B b B AR R A0 2 5 A0, DRI 2 A T A A« o XY R A 18 3 N /N T BE AL AP
B 38 7 BE AL, D) B 900 25 ez, UL e 0 3 I 5 | S AR E 258 H b o SRR SR IS AT DL S S M R R AR
FHASH, A ERS T . AT R R R SR AT N R R

N AR (R ICAE #) Fi<F,
yt‘il = i i ij (15)
V7 +C(0,1) (L —my;”) else
m = 2sin(r +m/2) (16)

A LIE A B30  WR AR S j B S G 5, BRI AR F, AT — RIS LRSS ¢ kAR
HAFEI B HE j AE S HT AL Fy e« OSBRSS RS j 4ERE MO B 1038 B (R C(0, 1) A7l
GEAR . —YERTVG A3 AT R B 2 SR ) W% SERE S o0 A, WSR2 1 R

1 5
fx.6.pm) = ey (17)
M6 =1, u =00, 2 (17) 28 J b v HE R 25 B pR B
11
faom=—— (18)

2 ERINEFNREET

21 BRHMIEEZEIL
AR E R AW EERZL, BRI H R RENLM: . KR E Ze kSRR, H T
SE P RS AR SR M BT B L RISl . AW N IR A . BESE R, AR TR — 48 HR,
22 H8 bR 0 00N J7 2 T AR Ay 4 1T M4 s e R LB Y 52 2k, b A B — R A 1) 5 R A AR A kG R T
J7 1 04 Jes BRAEDS . AR SEAE ST AR, JE T A A 0 PR TR i IR 2R R 3 A I s A )
FRAE 2 %, BD B4k 41 6 558 F (uniaxial compressive strength, UCS) . Bl 57 £i7 58 ¥ (uniaxial tensile

055302-5



#3986 FEE L FETBKA-CNN-SVMAR Y ) 5 51 B Fit] %5

strength, UTS) . [l & i K VI 77 (maximum tangential stress, MTS), DA & 3 A4 S B F] 5 M 0 A 46 A, B
1R 1 2% (Biot’s coefficient of friction, BCF) . &4 £ %% (stress concentration factor, SCF) #1514 fE £ 18
# (elastic energy index, EEL), YE J 1 WU R AEFE bR o HERITIEEAY 6 - F5 45 2 B B AH 4, X DA A
H3 0000 BT 5 B 4 5 2EAT 9 : (1) UTS. BCF. SCF, (2) UCS. UTS. BCF. SCF. EEI, (3) MTS. UCS.
UTS. BCF. SCF. EEI,

HBE U AT S A7 2 0 2 491 00t RSO I 1) U S T, 22 BRI 9 R 0 I A 7R 5 /0 8 01 A,
WAFAEZ AL PEREAS A )8, (R b, AR SR USSR T 284 i [ P9 Ah h TRE S, 5 o0 i U3k 1002,
o RETONZE R DA R SRR R . HAT, — M AR EER AR 4 9 oA R (D) BRCAEE(2) L
R (3) L REUEE(4) o ARMFTEUEE M) 284 > Z 0 M) 1 S 4 A i 18] 3 T .

Fz1 WOBEBRIIESHIREY

Table 1 Part of engineering data of rockburst'”->'

Rockburst prediction index

Serial No. Actual grade
MTS/MPa UCS/MPa UTS/MPa BCF SCF EEI
1 21.50 107.52 2.98 0.20 36.04 2.29 1
2 56.10 131.99 9.44 0.43 13.98 7.44 3
3 66.77 148.48 8.47 0.45 17.53 5.08 2
4 39.82 128.46 2.98 0.31 43.11 2.40 3
5 9.57 99.70 4.80 0.10 20.77 3.80 1
6 30.10 88.70 3.70 0.34 23.97 6.60 4
7 9.74 88.51 2.98 0.11 29.70 1.77 1
8 57.97 96.16 3.77 0.46 25.51 2.53 2
9 91.30 225.60 17.20 0.40 13.12 7.30 4
10 55.40 176.00 7.30 0.31 24.11 9.30 3
11 29.04 124.15 5.00 0.23 24.83 4.39 1

22 HIFEAIE

Sy S A v I A 0 R, T 0 D A B
FTTAb TR RIS MR U S g 284 MREAR R 5] 39437%
B S ARG L AT B, G5 R 2 fron .
F 2 T MTS (18 KAH N 148.81 MPa, 4533 %4
4 30.79 MPa, fix/IME A4 2.60 MPa, £ F{ I B (1947
TS5 UTS (5 KAE N 17.68 MPa, MU 53 50 u
4.05 MPa, f/IME M 0.38 MPa, i 5 B0 BH 5 i 4 o L127%
A 43 A5 5 FLA RO R AT — 2 09 4 I R AE
262 FRIVHCHE AT UL, Ot 5 PLOLMH I BE A 1 53 45 e ot
‘[‘%ﬁ ’ = ﬁiﬂ se /I\q%:‘ fi- '—%/ﬂﬁ W @Iﬁ%ﬁ % éﬁ&x Fig. 3 A;tual g::d/:zstri;ltion of rockburst
[ FRAE 4 AR A A LI, I 4 TR o

6 bR HE 5000 A R A AN i R AT RE A2 BN TARAE SR s N R T3, 2 BUBE A7 e 15 22,
M, 27 BIVREAS B 5 R 2 800 B AE AN [F], D0 A S 5 sl 0 AR A2 A i ok 2 {0 A5 78 50 00 S B2 14
SE, AR B 5 R AR S o D)X B0 47 S 531, S0 B g R, SRS 1.5 A5 U 43 (o 2 ) B8 E (R A T 48k,
DA AR 50 110 A% R T A A (1 T S . AR E U R

ol =19, =71 > 36 (19)

K BRABRER 2, g, fv, 53 A BE 56 TP AR a A8t S H R A iR 22, o BE 45 354 .

19.718%

19.718%
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*2 [RIGHENHER R

Table 2 Features description of original data

0 Rockburst grade Rockburst grade

Items MTS/MPa UCS/MPa UTS/MPa BCF SCF EEI
Mean value 51.93 118.52 6.56 0.42 20.18 4.67
Standard deviation 29.08 50.28 3.62 0.23 9.94 2.29
Minimum value 2.60 18.23 0.38 0.10 0.15 0.85
Lower quartile 30.79 88.65 4.05 0.27 13.11 2.98
Median 50.05 120.00 6.30 0.40 18.96 5.00
Upper quartile 66.87 150.43 8.92 0.55 25.22 6.43
Maximum value 148.81 260.64 17.68 1.03 44.70 11.28
60 ———— 25 ——
(a) —— Gaussian distribution curve (b) —— Gaussian distribution curve
50 400 f -
S : s 20
g E s % o B2
= =
g 30 = g L
& &
3 1 2 3 4 2 10 1 2 3 4
E 20 Rockburst grade £ Rockburst grade
E g
10
0 0
200 40 60 80 100 120 140 160 50 100 150 200 250 300
MTS ucs
25 —— ———
(c) —— Gaussian distribution curve 22 1 (d) —— Gaussian distribution curve
18 P— 20 1.2
g % 15 7 = 18 E '
g 15 g 14
g g 12 ii
& £ 10 5
o o
210 12 3 4 R N
s Rockburst grade s ¢ Rockburst grade
=4 5 o~
4
2
0 0
5 10 15 20 25 0.5 1.0 1.5
UTS BCF
(e) —— Gaussian distribution curve 6] —— Gaussian distribution curve
251 0 ; 20 .
40
g 20 @ ﬁ!hﬁié 215 i“;l§
g 0 : :
g 15 12 3 4 g
S = 10 1 2 3 4
R= 2
= =
[} [}
~ e~

10 20 30 40 50 2 4 6 8 10 12 14
SCF EEIL

P4 el oA th 2 SR B A

Fig. 4 Data distribution curve and box diagram
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2.3 BKA-CNN-SVM #& &I #32

W WCBE 9 284 2 M N T AR AT 1L 22 AR R IR B s, 4% 7 ¢ 3 Y LA B AR BE ML o3 I AR
A ALE

HE TR g 8 O A LR LA A R

(1) AR 1 2 48 A8 4 5 0 S A9 55000, 56 o A0 T UK i s bl v 10 S i (R 4 A 1.5 A3 DU 7 255

(2) 4 AL HR S (04 JF s B R R AL, AT BRAS [R)F6 s ] 2 40 RSB 2 1) 25 55

(3) R H L z8 LR KPCA WA S E o, FH-F H KPCA XA 43 5504 i Ab BE, 1 B 48 A (8]
BRE DG PE I R 2, $5 B 3 AR AE

(4) KB AN SVM BUE G0 A9 CONN 202588, My HE CNN-SVM 4 AR R, I 107 FH T~ 4 T,
Sy ki A TR S 00T TN B2 A s ), o LN SRS S O A R O A TR A TR, LA ki ) S A DA B B, 1 SR A
TP A S B RS R 1P 5

(5) i A FEBURRFAE, FR 48 57 () BKA-CNN-SVM #5580 35 A5 FU 45 5, Jf 5 Ho A A5 A0 0 ) &5 SRk 4 7
b A, IR R R

BKA-CNN-SVM #5151 0 75 20 5 i i 7 DL &1 5

.

Fitness calculation

Computational kernel matrix

'

Kernel matrix centralization

v

|

: The eigenvalue, principal

: component contribution rate
: and cumulative contribution
! rate are solved
|

|

|

|

|

|

L

|

|

|

|

|

|

|

|

|

:

: Is the maximum
: number of iterations
| l reached?
|

|

|

|

|

|

|

|

|

|

|

|

|

|

Start
v Initialize the
Raw data BKA pelrameters
# Data set
Data cleaning based on Laida criteria Initial population size
and 1.5 times quartile difference +—I—+

} 7777777777 I 7777777777 Test set Training set
|
: Data standardization * CNN parameters were
‘ “ CNN-SVM optimized by BKA
: * modeling *
} No
|
|
|
|
|

The BKA-CNN-SVM
model was establlshed

Obtain the optimal

The optimal kernel parameter values were
determined by 5 fold cross validation

parameters of CNN
Determine the number of Output test results
principal components
ffffffffffffffffffff | ¢
Finish

Output a dataset of extracted
features

%5 BKA-CNN-SVM Vif2/&
Fig. 5 Flowchart of BKA-CNN-SVM
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3.1 KPCA #IEAIE

KPCA 2 F] FH A% o SO IR 4R B0 W 5 22 78 4 25 18] 3547 38 504020 A 0 1 6 B4 R AT e i b B, 58
AMEER T BR DR AR B R RS AT ] A A DG, T KPCA XA R T B 45 b 20 4 647 40 56 Pk
RIY, S L3 3,
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Table 3 Correlation coefficient of each index

Correlation coefficient

Predictive parameters

MTS ucCs UTS BCF SCF EEI
MTS 1.0000 0.3330 0.3760 0.6545 —0.0863 0.4534
UucCs 0.3330 1.0000 0.5810 —-0.2786 0.0760 0.5760
UTS 0.3760 0.5810 1.0000 0.0308 —0.5903 0.3787
BCF 0.6545 —0.2786 0.0308 1.0000 —0.2210 0.0785
SCF —0.0863 0.0760 —0.5903 —-0.2210 1.0000 —-0.0185
EEI 0.4534 0.5760 0.3787 0.0785 —0.0185 1.0000

M1 3 AL 5 1 SALE 2 IR AR AR ¢ R B/ T 0.28, BB B AR G M. 15 3,
MTS 5 BCF HYHI5C R HN 0.654 5, Ui P A B0 W I A9 AR OGPk, 22 o e Ja P e X 4521 . LI,
A 3 TR KPCA HEAT B AL B, T BR 18 5 18] AH G

1 FH 85 39T A% pR BSOS B AL 11 284 ZH 5 1 52 10 K530 1 AT KPCA KdlaAb B v i sk B S 8 13
ARG B e AR 9, HAFAE SR UL BRUN 1.1 95 ik, FRAE 4R AR WLk 4.

R4 FHERIER

Table 4 Feature extraction results

Component Eigenvalue Principal component contribution rate/% Cumulative contribution rate/%
1 24777 41.29 41.29
2 1.5666 26.11 67.40
3 1.2470 20.78 88.19
4 0.4580 7.63 95.82
5 0.1280 2.13 97.96
6 0.1227 2.04 100.00

H 2% 4 AT, 1T 3 A 80000 B 5T Ek %A 88.19%, HIHT 3 4> = i or 40 A 88.19% My R i 15 4. .
BT 3 A FE R Y R T 1, R R E R T 1 H 23 silk R T 85% &4, I, i BGx 3 4
TRy . HEST RO T 46 S B4 IS F,. F,. F, {F>% BKA-CNN-SVM {194 A %8 .

3.2 BKA ffi{t CNN #& &)

H1 T CNN AH 5 2 50000 B 11 7 5 i A5 780 1) o 2, TR0t SR ] BKA B33 % CNIN B A i 24
(4G 2 2] 3 RN RAEARA B IE WAL R EO BEAT 0L . S HABAR DG S R B A FhRF R4
30, Db S B0 R B4 BIEL[1x107, 5 %1072, [64, 512]. [1x10°7°, 1x107], 4 )& -5 3R i et 2
B s,

*x5 CNNMHEEH
Table S Optimal parameters of CNN

Learning rate Number of training samples per session Regularization parameter

0.05 64 1x107

33 BRESLME o

Ry ik — 20 ISR TR B AT EE M, 35 CNNL SVM., CNN-SVM. ELM T il 45 58U ot ] — 28 B4 ok A7 )1 45
M, IR F (A MERR R HR 3 ]300 H A B A 28 %) T 4 BE o B 86 2H 28 KPCA HRAiE $2 B
TR A B A AR A5 AR S0 BE L3R 6. AH N TR G ZE B4 DL 1K 6, Ho, XMk oe & (WA B34
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) R E 4> FE R A B i, X MO0 KRR IR R R AR
i 2 6 Al 1. BKA-CNN-SVM [ T i 1 5% ] 1k 95.35%, 5 CNN-SVM A& RUAH Hr, T o A R 16
T 12.79%, 55 CNN BERUAH L, TS IR T T 22.09%., BKA-CNN-SVM (1 F, {H . A #i5R  # [n]RHy
AP T AR 2555 25 R AR 1) o i 2R SR SC TN 6 b, AR R 5% 3 57 1) BKA-CNN-SVM 5 AU 7 7
H5 5P TN 43 2%y T 2 B 4 5 G A T R, I T A AR U 1 ] v g B R AT A
R6 SEBTMEM LR

Table 6 Predicted performance results of each model

Test set classification accuracy/% Precision
BKA-CNN-SVM CNN CNN-SVM ELM BKA-CNN-SVM CNN CNN-SVM ELM
95.35 73.26 82.56 67.44 0.89 0.73 0.70 0.61
F, score Recall
BKA-CNN-SVM CNN CNN-SVM ELM BKA-CNN-SVM CNN CNN-SVM ELM
0.92 0.67 0.74 0.52 0.94 0.61 0.78 0.44
Confusion matrix for test data Confusion matrix for test data
= A 5.6% =2 1 11 3 3
E 3
~ A 5.9% ~ 3| 9 1 9 2
W 5.9% 4 2 7 8
94.4% 89.5% 97.0% 100.0%
16.7% | 26.7% | 27.5% | 38.5%
1 2 3 4 1 2 3 4
Prediction Prediction
(a) BKA-CNN-SVM (b) CNN
Confusion matrix for test data Confusion matrix for test data
U 17.6% 1 - 1 2
> 22.2% 2 2 8 10
E 5
23.5% 4 1 7 9
100.0% 76.9% 100.0%
38.5% | 41.3% | 30.8%
1 2 3 4
Prediction Prediction
(c) CNN-SVM (d) ELM

K6 MR

Fig. 6 Confusion matrix of test set

4 TiENA

BB oK M vk T IR E VR N Sy X, A 7 AR, BLEE 4 51K ERIE L 2 AP ATASE A B
T LL R 1 &5t THE KRS8 o T2 39K 240 16.67 km, T2 29 13 m, 5| 7K IR 22 8] (4 18] FE 4
60 m; 2 254 Bl (1 B8 35 m, A7 40 B AE 5 | ARSI me 0 o 4 B PR oA Pk R 2 o R B s, A A e il g
FE 38 A 65~90 MPa, HiLHL58E B A 3~ 6 MPa, & i HL IR KAKALEF 1500~2000 m, F KILIRZ K 2525 m,
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H T B I b T A 2 L BRIz M ) SRR, RECE R K E KA R, IR YUK
Ul A R SRS 20 4112, 8% BKA-CNN-SVM A5 B Ry FH T 40 5 G0 /K H 3l 2 e 0 0 o K Wi 4 1
284 (il A MR BEAE MU 254, 78 i BKA-CNN-SVM BRI 55, o 20 21 75 4 52 B 50 16 il it A2 AR A
TSRS . Ry kG 6 BKA-CNN-SVM 6 50 X647 5 5% 7K R, 3 25 4 T 000 A0 o 8 23, 6 4[] A D11 2 4 il 3
LT, B H 5 CNN, SVM, CNN-SVM., ELM P A58 R 47 % L, &5 5 3% 7.

®7 TRRESBHAEBUETMER

Table 7 Rockburst intensity prediction results obtained by various models

Parameters Actual Grade predicted by models
MTS/MPa UCS/MPa UTS/MPa BCF SCF EEI grade BKA-CNN-SVM CNN CNN-SVM ELM

42.00 117.00 4.80 036 2438 3.20 2 2 2 2 2
46.40 100.00 4.90 0.46 20.40 2.00 2 2 2 2 2
40.99 186.30 12.67 022 1470 4.10 3 3 3 3 3

9.74 88.51 2.98 0.11 29.70 1.77 1 1 1 1 3
31.05 147.85 11.96 021 1236 3.00 3 3 3 3 1
16.47 156.90 10.33 0.10 15.19 4.39 3 3 3 3 3
20.00 112.00 4.70 0.18 23.83 2.50 1 1 1 1 3
52.00 117.00 4.80 0.44 2438 3.20 2 2 2 2 2
19.14 106.31 11.96 0.18 8.89 2.07 1 1 1 1 1
12.00 85.00 3.60 0.14 23.61 1.50 1 1 2 1 3
46.20 105.00 5.30 044 19.70 2.30 2 2 2 2 2
39.82 128.46 2.98 031 43.11 240 3 3 3 3 3
16.43 157.95 11.06 0.10 14.28 4.99 4 4 3 4 4
47.00 122.00 5.50 039 22.18 3.40 2 2 2 2 2
28.00 100.00 3.90 028 25.64 230 2 2 2 2 2
23.00 80.00 3.00 0.29 26.80 0.85 2 2 2 3 2
36.09 164.05 12.67 0.22 1295 3.59 3 3 3 3 2
21.00 103.00 4.10 020 25.12 240 2 2 3 2 2
15.97 114.07 11.96 0.14 9.54 240 1 1 1 1 1
33.15 106.94 2.98 031 3589 2.15 3 3 3 3 3

1 7 Al 1, ELM AR £ g S 4 4 Wb i B 1 5 91524, CNIN B RSER 1 3 48], CNN-SVM i,
R0 I A A R R SR MO S 2 A RE T, (UK AR 1 R A . BKA-CNN-SVM A F0 45 51 55 S B 1+ L
— B, RS T IR AR S PR AR N P B TR S S AN, RO SERR TR R S

5 & B

(1) 2R FHALAR A HE DU R 1.5 A5 D0 43057 22 X5 HE 735 Bk, T BRAEZS v S (DR RORG BE 7 T4 . (W]
B, 51 KPCA #7808 M4, [ B F2 BERRAE, R BR B TP i SO AR 2, I8/ N T B i A\ S48, ikt
TR EE T, $ T AR ARSI B R T AT A

(2) 37 T CNN-SVM HE a5 70 3 i 24 M8 F000, A FH CNN 17 5 s e A 42 8, IR SVM #
fRALGE ) CNN 432K 38 EAT /3 2K T . A4 T CNN AR, CNN-SVM 4 AR A %) T 00RS B2 42 78 1 9.3%,
87 H A AR R N ST A A s E TR BE . A RRIR AR IR E SR, 5B S
2, #5377 BKA-CNN-SVM TS A, 45 2042 T T BEA i) 42 Jmy SR BE 1, 38E S B AR dne e, iF— 204
o T RS R
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(3) X5 E K HL 3l AR S B AT I, BRKA-CNN-SVM 119 T 45 5 5 52 B 17 DL 4% & A5 48048, IE

IR 2R A EL A Ao i TR 38 F P . AHAR T CNN. CNN-SVM., ELM ‘A 42 #i i A %, BKA-CNN-SVM 7542
o0 AR A ELAG B i ) e R TR AR e M L T e R S B R e 2D, R S R R A AR TR
B R SRR &R, R, BRA-CNN-SVM #5875 Ho A TR 07 R A i #0004 e i 75 ik — 2 058 .
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Prediction of Rockburst Grade Based on BKA-CNN-SVM Model
MU Huiwen', ZHOU Zonghong', ZHENG Faping?, LIU Jian', ZENG Shunhong’, DUAN Yong®

(1. Faculty of Land Resources Engineering, Kunming University of Science and Technology,
Kunming 650093, Yunnan, China,
2. School of Public Safety and Emergency Management, Kunming University of Science and Technology,
Kunming 650093, Yunnan, China,
3. Yunnan Yuntianhua Polyphosphorus New Materials Co., Ltd., Zhaotong 657200, Yunnan, China)

Abstract: In order to realize efficient and accurate rockburst grade prediction, and prevent underground

engineering disasters, this paper proposes a prediction model based on black-winged kite optimization

algorithm-convolutional neural network-support vector machine (BKA-CNN-SVM). Firstly, the prediction
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index system was established according to six influence factors of rockburst, and 284 groups of rockburst
cases at home and abroad were collected to establish a rockburst database. Secondly, Laida criterion and 1.5
times quartile difference were introduced to remove and replace the outliers in the data. The kernel principal
component analysis (KPCA) was used to reduce the dimension of the data and extract the features. The
extracted features were used as the model inputs. Finally, the confusion matrix was used to evaluate the
model performance in terms of accuracy, precision, recall, and F, value. BKA-CNN-SVM model was
compared with convolutional neural network (CNN) model, extreme learning machine (ELM) model, and
convolutional neural network and support vector machine (CNN-SVM) integrated model. The results
showed that the accuracy, precision, F, value, and recall of BKA-CNN-SVM model are 95.35%, 0.89, 0.92,
and 0.94, respectively, which are significantly better than the other models in terms of prediction accuracy
and generalization degree. In order to verify the feasibility of the BKA-CNN-SVM model, it was used to
prediction the rockburst grade of the Jinping secondary hydro-power station. The prediction results have high
consistency with the actual field conditions. This research can provides a new method for rockburst grade
prediction.

Keywords: rockburst; kernel principal component analysis; convolutional neural network; support vector

machine; black-winged kite optimization
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