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Abstract: Accurate prediction of rockburst intensity grade is of great significance for mitigating and eliminating rockburst hazards.
Aiming at the problems of uncertain feature selection and low prediction accuracy of rockburst intensity grade prediction model, in
this paper it proposes a rockburst grade prediction model based on SSA-SVM-AdaBoost algorithm with ReliefF-Pearson feature
selection. The method combines the weight idea of ReliefF and the correlation principle of Pearson coefficient to select feature
indexes, and SSA-SVM-AdaBoost algorithm is proposed by using the sparrow search algorithm (SSA) optimized support vector
machine (SVM) classifier as the AdaBoost weak classifier to solve the multiclassification problem. First, 7 kinds of feature
indicators are selected to form the original feature space by analyzing rockburst case data, then the 4-dimension advantage features

are selected by ReliefF-Pearson method. The data is processed with random oversampling before input SSA-SVM-AdaBoost
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prediction model. The research results show that the feature selection method based on ReliefF-Pearson can effectively extract

advantage feature indicators. Compared with SSA-SVM and AdaBoost based on single-layer decision tree, the prediction accuracy
of SSA-SVM-AdaBoost model is improved by 12.5%, and 31.25% compared with SVM. It shows that SSA-SVM as a weak

classifier is better than a single-layer decision tree in classification performance, and the AdaBoost enhancement algorithm

integrating multiple single classifiers is better than a single classification model. Data oversampling process does not affect the

accuracy of the model prediction set, but improves the prediction accuracy of the training set. It is proved that the proposed model

can be effectively applied to rockburst intensity grade prediction, which provides a new perspective for this problem.

Key words: rockburst intensity grade; feature selection; support vector machine; sparrow search algorithm; AdaBoost algorithm;
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Table 1 Summary of feature indicators and grading standards for rockburst intensity prediction
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Fig. 1 Flowchart of feature indicators selection
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Table 2 Measured data of some rockburst cases
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Fig. 2 Weight diagram of feature indicators for rockburst

prediction
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Table 3 Correlation matrix of feature indicators
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Table 4 Feature indicators and grading standards for rockburst intensity prediction
. _ fiRIIE L : ; : .
R H Rl 1R BE e DD 1 1z ) o, HAN S FEL 0,/ 0, AR R B W,
Je (D <50 0.3 2.0
B (1) 50~200 24~60 0.3~0.5 2.0~3.5
rf 4 (100) 200~700 60~126 0.5~0.7 3.5~5.0
HAL(IV) =700 =>0.7 >5.0
Lsr AR 25 b oy B A — ZURE S G X IV B4 48 AR o
N B A0 22 4 BT R AR A 1 28 ) B R A O 1 &
- b 5 %18 (Zhou et al., 2016) , WA 7 Fr~ , H 5
2 B = YRR 5 L 2R R T A 81 41 BCHE R SO
FR R AR, b e R N SR O A R (T4, 14

0.0

X1/1000 X2/100 X5 X7/10
RHE R bR
7 o b T 45 A A A &

Fig.7 Box diagram of rockburst prediction indexes
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J1 2 BRI YR B T e R R 52% , MUAR 3¢
R U N (R SR & L K
124 ERBMEREIEYE  HarrEReE e
A it A7 FIURE 03 M BB 1Y B8 0 L RE SIS A O I SR
Al 5 28 G0 10 1 2 - i R 22 Bl I LG e Rl 1)
Al B K T 0H FE Y BB ok 4 & R e B IR R AR
2021). 2 V45 T P RP B B RO R B A 4%
ST R A A SR RE RS B <<2.2~3.5.3.5~5,
>5(8K R 304, 2010) Fl<<2.,2~4 4~6.,>6 (AR
-5, 2013) 4 S T G T o 4 B R 5796 A
55 %% , 1k B/ B B3 45 7 19 <<2.2~3.5.3.5~5 . >51F
HACHRERHE B6A M T HBRERS 5N
MR RE TR B OC R, W, B K, AR A 1) R AR R
e, i 6 nT DLW S R e R e i g
TR 2 RAELE 1.8~3.2 W I, o 4555 18 4 A otk
AEFE BUOR M 7F 3.5~5.2 N, 5 B 45 18k 1) 2 0 o 1k g
FEB L 8 T 5. 2 R FH AE 2 0 408 s A R 00 o A B
K 5TV, & A A BRI b B R S
1.3 HiEEHE

AR S R SR B H ok BT R RIS, BT X
T3k 86 41k 52 M1, ik BOUT X I 9 MR H L L
TR BE f5e KV F1 0, 5 AN T R B 00/ 0 R A 3
PERE T8 B0 WA R i AR AE AR i, S PR S5 Gk

W) BRWUA (T, 24 4) b %5 55 B (T4, 33
41 ) Fram ZLE R (IV 9, 10 41, e BORE AR 19 80 %
YE U546, 2006 1 o i 4k, B4 S5 R RE A
WAZ IR 4. 1% 73, Fe 245 B0 2R 4 60 % 65 21 ol
(T 144 R MCa 194 h S a g 2r 4l .
AL A MR S ) 4 A 16 A B dls (0 a4 3
H RHCA B SH h a6 d mEUA R 2.

2 Ak BN A 2 I A Y

2.1 55428 (SSA-SVM )&

SVM 43 S R 7 4 AR 25 (] B S 3] 1 4 25 (1]
SR 5 AE fe 4E R AE 23 W) 48 1 e P TR SR pR 4, [A] 42 55
X REA Y 4328 (FLA WA, 2020) , HAETT N F S8
FAZ bR LS B0 g 0 BUMH £ T 42 52 ) 43 S E A % AR
SCiE 3 TR & U SSA X SVM I S 81T
YAl , AT LU ¢ g 2500 003 B2, 406 4 B A 4 37
R B ) B8 v A AR Y E A 3R (5 5, 2021).SSA
JRAE T b R v 5 ok ke B — R A 3
AN 3T N -2 NE = R A5 3 = I L S
Bl 5l Fh RE 48 R M0 & L B BE O RS T 4y
(3 I B R B e I AT TR L R R B
PEm A B R, A o BR R s Wk B A DA
T HEAT B W A 2 7 R [ AT R R 2 R
U T T R S A N A = 2 e ] o Y
BPHEAT I 4 B AT o (AT, 2021) . KB VIR
Wil 5 R T A B R A AR R I

Xil=

i a e 1ter .

X,»"]-exp( ), R,<ST,

X' +Q-L, R,>= ST,
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Hb e FoR BRI, j=1,2, -, d; iter,, & n i
R EACREL X, FRom 5 DR TE S j 4 AL
fEEa€(0, 12— LG R, €10, 1 3FRR HlE
H:;STEe[0.5, 1 ]Fm %2 E; Q& MM IEZ 7341 1Y
BEHLEG L R — D — 17 2 4em2— %

Xv’vo 17X’ )

Q- exp( - i>n/2,
i

X! = (5)

XX

X, X RN YA L B E AR LR A

4 5 DI 7 B 5 X Lo 6718 56 £ IR IEAR 42 JR) Bie 22 9 132

By ARR D —IT 24 %, HE Dot KRR
WA 18 —1,HA =AT(AA") "

X B X1, — X

| X! — X |
(fi—f)te)
AP, X BRn R Y E;p Rk
BRS8N EZ O 2R 1M IESS
4 Bl AL AR s KOJ& — S B g [ — 1, 1009 Bl AL 4K 5
£ FE Y FTRR 2 M IE R ORE {5 R Y AT A2 R i
M1 3 R A 5 £ 2 Y R 4 R B 25 1 3 B
18 5 e 52 — A3 o BE Oy O 1 /B 8.
2.2 B4y BE(SSA-SVM-AdaBoost) & B

B NGEBIEE T={(2,y), -, (2, 3.) ]},
2 € X HFAEFEFE ,y, €{1,2, -, N} 2 XJ h (1 2§
BIAR & . E e T B R Ak U G BOHE B BUME o A
B A I 25 FE AR e IF U B #0 9 R T H R A (S -
w, = 1/m; SR Ja ¥ Uh 2 A% AR UK I 59 43 2L 4%
Ve AT IR 2 R MM KW AERE
ANBEAR L R IF IR 2 e N

Zu(z)l

EE BRI R R E LS
(SAMME) ( Zhu et al., 2009 ) & 3 ¥ ¥& o 4y 2K
o5, I X AdaBoost B % 09 A {E 4> B 5 m% o 47

Ui A DR I o 4

1 1—e
a,=—In
2

—X;"'|+A"+L, otherwise,

="
Xit= (6)

X!/, + K- Ji=fe

(x)F ), (7)

"+ In(K—¢+1), (8)

e,

Ao, KO85 o0 28 48 A B0, B I 2k B R 1Y AL

18 53 i

W, (i)
Z,

exp(—a,y:h,(2,)), 9)

wr+1(i):

Z,= E w, (1) exp(—

X, ZH— MW 7 % KA 800 2K 80 3
50, I 2R A5 BB BT A 55 0 26 4% A R A
5y 2K A% G (), i i P Ja 2 ) B ok 3R (-

G(x)zsign(ia,h,(x,-)), (11)

AdaBoost 7£ 16 o 2 & 8 FH 55 43 25 2% AR U gh e
A1 T 235 S TR A S 0 40 A w,, A OE
ﬁﬁﬁ*ﬁﬁ#ﬁ*ﬂ%&ﬁ T 15 0 28 R A A A

L AN S ORI T S o R AR M
éﬁ{a‘ﬁi*ﬁ\%éﬁéﬁiﬁi%ﬁ(@ifn 2021).
2.3 X F SSA-SVM-AdaBoost &) 5 18 % 2 7 il
1:;;:-1

SSA-SVM-AdaBoost 5 38 i #4) i SSA itk
J5 B SVM 43 L85 4E R 55 43 2K 88 L5 B IR ke A
R0 o 85 R R e 3, OB 45 B I SRR AR )
Be ALAE L AN 7 42 5 B 555 4 2 4 43 2 A 1R 1 FE R AL
{E B3 AR 4 25 1E B 09 BE AR AUAE 38 2o AS B 2 4R 3
M B 3% 43 25 K5 & (Schapire and Singer, 2000). B
5638 i ReliefF-Pearson 5. 1 iy & U6 ¥ 55 1E 48 45
) FH AR 2 2 B 5 0 (8 F 5 A0 35 R E 48 bR A S
P 45 g 414 R BOUE 4 R0 43 DI S 4 R T 4R
ST DA T ORR A 48 R0 Ak SR 1) B L O 88
53 2 A% 1Y AdaBoost 3t 43 28 2% 5 vk (1 B AL A
B R TN A T 5 S BR R B0 AT X L, PF Al AR A
PEfE . H T SSA-SVM-AdaBoost H = 15 5 2% Fi
T ASE 7R 3 P2 an ] 8 i, HLAR AL BN E

(1) K 7004k 355 09 2 4R 5 19 T 2 B4 4 FRURE
A 80 % M I 44, 209 A S it 4 L % A
8 112 500 00 Al R AT T — Ak Ak B T R K
it 2 ] i A 25 S H AR Ay 1 27t M
TOREBEUE W AN SR (BTN RS %
1 9% 55 5 Jk TIL 9 o B0 25 1 TV 2)

(2) ) i Al R A8 TR | 205 2 Tl RE (00 00 R i L JRR
8 TR A I B 7 A 223 ) v B 0 G 7 R R R R
FIER B & A L) B A BT S S

(13) by & v 0 AR 0 I o G %, LA O 4R
4 000 o B R VR N IS R PR B, A R4
f 3 N BEAE B 25 TR Dl R F{Emﬁﬁnr
25 1Y R A AR AL

(4) B 97 bR 26 P E ob 2 B3 L R R RN ik
HOR AL CE TR UK 0 IS N B, R R
25 [0 rfE N R S5 fE 0L B AR

a,yh,(x:)), (10)
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(5) 4n 5 35 21 590k 1 f5 R 2 AR w8k, I g o 4
Ja 3 N PEAE B S g 77 W AR 27 1) (4) AT

(6) 4 ERER VI MR ALTE ,w,=1/m ¥ )| 2 4% I
411 A X 43 Sk U1 25 4 A 4 R A B0 Y
WS E e .gir A SVM AR rhoxf Il 25 48 #E 47 1)
Y5, 1% 3] SSA-SVM 85 4 25 &%, O U 2k 4 1
SSA-SVM 55 43 2 2 x5 W 3 7 48 i 47 g, i 5%
FEAC R 25 3 I TT 5585 43 25 48 10 BUE 43 i R 4K,
R A 15 22 2 FALAE 43 T 72 5500 0T A 1) A B 1

(7) R #4228 R o3 I 25 7 46 R
RT2E IR UL 3R, B 21250 SSA-SVM 55 432K
N BGA B EEH K, &5 ¥ KA~ SSA-SVM 55 43
e A3 A RSN )1 B L Y L B

(8) Xt W ik £ #F 47 4 28 11
o5 5L OF F TR B

3 BRI 5 43 A

BAES

AR LA 2 2 Bk 7 MATLAB R2019a -
A EsEd P8 LIBSVM T. B4 52 8 SSA-SVM,
SR FH S AR 1) o 00 0 s T R 0T A ) R A% oRBR L A
7 FE PR BRSO IR A A o A R a0 SSA Bk T4k
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BB E M g B ZHA SSA AL e v, R 78 R RE
KN 30, Fx K& AR ALK 100, R H 5 47 28 L5
TE, & LBk 7050, AR EI A fE B R4S e
20% , %A BIE N 0.6. 30 F S50 c M g 1Y BUE T H
BT LW e R g {E 30 BEYE T 43 )ik R 0.1, 100]
[0.001,1000], GBS c Mg LAAEH
(1.458, 39.758) , ¥ Ikt Z £ 48 A SVM 1 #4 1%
SSA-SVM 55402545 R85 R M ik Ed 2 4
s FE A K, 1 B A D S A 2K R 0
Z WA B 59 53 A B E R 3, BRI R 5 55 43
AR e HOB OB AR AR, B S5 R — N R 4 25 K
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Table 5 Prediction of each level of the model and overall

accuracy

T A Y

HEERL SR

FEE R i SVM S3A- AdaBoost SSA-SVM-
SVM AdaBoost
1 3 2 3 3 3
2 5 2 4 4 3
3 6 5 4 5 6
4 2 0 1 0 2
Bt 16 9 12 12 14
MIRTES 56.25% 5% 75% 87.5%

Boost, ik ] 87.5% , H ¥k iy SSA-SVM Hl 1 2 P 5
B AdaBoost, HEH R ¥4 K 75% .SSA X SVM 1) 251
P Ak A8 A5 SV ML LA T o ff R 42 055 18.75 %6 5 2 T
% SSA-SVM 1 AdaBoost A5 %I 15 ) 4 5 % AH % T
SSA-SVM Fil 5 )22 g 56 B AdaBoost 1% # 1 2 &
12.5% , M T SVM 42 75 31.25%0, iX 843 B W] T
SSA-SVMAE R 55 43 KA 70 43 JEMERE 200 T 9 )2
TR, AdaBoost 14 3 51k R L2 A 7 a2
TR r 2R SSA-SVM-AdaBoost 15 % 75 #i 2k
T v 2 B B S AR X R AR 1.3
A R B AT HERR TR, B S G 2 (R T RE S
B R LR R A] e R AR R AR B D B 2
3 B9 AN [ REAE Fi B (6 A7 78 52 2% B BARSS R IGO0
3.2 FEHLE RER M

AN [ 5 0 B85 R A B0 R [R) 5 BOBUHE A7 7 R
A 1 . o 3 B e AN O M SR B AL R R T
KRR AR 35 /0 1) 45 OBOHE AT AR g DR AR I R AR A
A AR 11419 194 114 .27 41 NI <% Al 8 4 1V
o, WO P g o 3 I G RE AR 27 R
AR A 3 A GO A 38 S B AL A R R B & 27
AN UNGREEREA , T I 2548 S 108 2 %04 K BE AL i

R BEALT RAERT B AT EA R

Table 6 The effect of random oversampling on model

accuracy
" By b 387 3%
LT —
ERGEAET Fifi A1 38 SR B Ak PR

SVM 56.25% 68.75%
SSA-SVM 75% 81.25%
AdaBoost 75% 75% %
SSA-SVM-AdaBoost 87.5% 87.5%

KRG WY 2k 4E B A SVM | SSA-SVM | 3 F
e 5 B9 AdaBoost Al SSA-SVM-AdaBoost
G 2 RS AU rpob g TR0 AL R ) R I 4R K
BV fiE JF 5 I ih B AR I 2k 00 S R BE A7 %t
Pbo L ph AR A5 B 3k 6 BT R .

HY 22 6 7T 1, A Bl AL aok SR A Ak B 2 AN [ R
it i SVM (SSA-SVM (4 1 g %, Hirp SVM
IR0 T A A AR AR 5 12.5%, N 68.75% , A &
ELATH R UK BE Wl R A R T o A O 19 FE SR 5 SSA-
SVM 5 B [y $50 0 o i S B0 7Y 10 I of o 3R 4R
6.25%, 2 81.25% ; X T JE T )2 e S W 1) Ada-
Boost # & Fil SSA-SVM-AdaBoost # &Y | Fifi ¥l 1
SR FE A B S TIN oE A R R &R AR AR O
BE ML 3 SR KR Ab BE X SSA-SVM R Y 5 Wi f% K,
XA AR Y Y 52 e B2/, 3R B] SSA-SVM - Ada-
Boost 1% %1 R LA i iy R F 50080 AS ¥ A 1 O
33 HRBERAMRIE

Sk B E A A Bl R PR ik R A 4 (2022)
WP R PR S BEGE R R A BRI 18 AN R AR A,
Hod 10 A REAS A A I 25 4R b, SSA-SVM-
AdaBoost & 7 T 5 Ay 8 A KR A A A B E 9,
T 20 B0 A9 45 R A0 2 7 TR

SSA-SVM-AdaBoost & I 1E iy #iill 1 7 ASHEAS
g RAE T DK189-+430~DK189-+450 kb 7 45 %5
G, LI PR A G R T, T 45 25 A 11 XF B P AN FE AR
STRRAE A8 BR B |, 5 4 HE ) B A T 4 A o] g
H i F R NI(H) 11(g,) 1(0,)/0.) JT(W,,), H
FAEAR 61 H 0y.0,/0 IEEREAR S /N, W AHAH S, H
S o T A 9 Ry TIT HGARE AR 5 K, 5047 DA AR 6 119
FEAEFE b5 B T BB A 1%, DA S SOTRI 25 SR OR HE R
Jel fie A (2022) 18 3C R 2 A RO A T B 1
PEM 7 AR A TR AR 6 A 7 B A5 2, I 48 R A
Sk T 5 5l 5 B Bt B A S B0 B R A A
MO i SRR, 5 R R AT — B0 B T LA
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Table 7 Rockburst data and prediction results of Sangzhuling Tunnel
Bk 4 B 1 72 TR FRGH R
H(m) o,(MPa) 0,/ 0, .
1 DK188+280~DK188+4896 1100 58.4 0.41 4.60 111 111
2 DK188+896~DK188-+946 860 54.4 0.38 4.60 111 111
3 DK188+946~DK189+ 167 780 54.0 0.38 4.60 111 111
4 DK189+167~DK189+ 217 750 54.8 0.38 4.60 111 111
5 DK189+217~DK189+ 390 650 41.9 0.28 4.00 11 11
6 DK189+430~DK189+ 450 590 30.9 0.21 4.00 111 (X))
7 DK189+450~DK1894610 460 27.2 0.18 4.00 11 11
8 DK189+660~DK1894065 100 32.3 0.22 4.00 1I 1I

e 2 O A S B O X R A R R R
HEAT TUM, TR B R K RE T AT BAR AE 45
P (B, 25 B¢ AE 48 b5 (E S R, 0 ORME R & 5 B
e T SN O VAN = ([ 7 S il ] 1= 7 = 0T
Wbk . b ot e g, ol ad SSA i 4k SVM [ 55 4
K4 A L AdaBoost i 4 2K 8 Bk AU A B
G T AT AR B A A R Al M R AT AT M

4 45k

(1) AR 40w A B 90 8028 A 28 19 48 31, B Re-
liefF %4 7% Fll Pearson #H ¢ 2 K & L 3 R E 48 45
PEPEILUR H A 7 1IR BE e KA1 W T 0, 8 A1 N T 3R
o,/ o, M A0 FAME BEFE B WA Ry T 00 4SS 284 11 4 A
FEAEAS 5, B 2 B — Z1 5 45 9T X6 N YRR AIE 38 AR 43
AR UE ) B 5 R B 19.77 06, AU
F5e KA ] 17 7 B 33 I A 5 Ry 4419060, RIS A
N 77 Z B0H Y 5 1 A B A 52 %6, R RE £ ) i e v
B BE K 57 Vo , e 1k BRI 40 %) o AR A v

(2)F JH SSA & ¥ A i 4 i 48 &
e 15 SVM A HLg &l BB A CBKEA
AE RCE IO W R 2% AU B AS B SVM B
MRS HENHN T MERBES B g, K
Mo R T SVM A AL T o R

(3)SSA-SVM-AdaBoost % ¥ il it £ 4~ SSA-
SVM 554325 28 2H 4 1 AdaBoost 38 43 25 #8 |, 2 +7 it
F SSA-SVM-AdaBoost 5 12 1) 7 1 55 9% T g Al
FCUERR 232y 87.5 0, AHEL T HoAth 3 F 82 A8, it i) 24 2R
R 4F, H 8406 B AL i R A 4b PR X SSA-SVM-Ada-
Boost A5 1 [ i 25 5 JC BH &5 . g5 R B L
SSA-SVM 55 4325 88 ) AdaBoost 3 5 2% > 35 1% 1]
PLEE L Z 1~ SSA-SVM 40 25 A0 3, o0 s8R i

T — 4 2K 2% R % 48 19 AdaBoost 117

(4)# SSA-SVM-AdaBoost 1 B Jij Fi] F 5 Bk
e % B AR R AR T IE B IO T 7 SRR, R AE
iff PR i A SRR AIE F5 B (8 B9 1F 6 A4 T 8 G SSA i
SVM 1 55 43 25 4 41 & i AdaBoost i 43 2 #% 51k
1) S H S5 2 TN A5E A8 EL A A v T TR A R] AE
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