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Table 1 Classic rock burst cases

Sample T gmax/ MPa o /MPa o/MPa Ayet Rock burst grade
1 18.80 178.00 7.40 5.70 I
2 31.05 147.85 3.00 11.96 Il
3 91.43 157.63 6.27 11.96 \4
4 61.91 92.40 5.43 8.28 I}
5 58.20 83.60 5.90 2.60 \Y
6 60.00 136.79 2.12 10.42 Il
7 44.40 120.00 5.10 5.00 Il
170 61.46 135.67 9.02 11.20 I\
172 110.55 106.20 9.59 12.51 I\
172 41.90 143.01 6.68 4.30 II
173 109.40 190.00 6.10 6.90 i
174 48.00 59.00 5.23 0.88 I
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Table 2 Characteristics of rock burst grade

Rock burst Feature description
grade Motion feature Sweep depth/m Acoustic signature
I No rockburst activities 0 No sound

Rock deforms, cracks or spalls, but no ejection

I <0.5 Weak sound

phenomenon occurs
Rock deforms and fractures with a considerable amount . .
Ll L . ) 0.5-1.0 Crisp crackling
of chip ejecting, loosening and sudden destruction

Rock deforms and fractures with a considerable amount Strong bursts and
of chip ejecting, loosening and sudden destruction roaring sounds

x3 BBORE

Table 3 Rock burst classification criteria

Rock burst evaluation index

Rock burst grade
T omax/ MP2 o /MPa o/MPa Ayt
1 0-24 0-80 0-5 0-2.0
I 24-60 80-120 5-7 2.0-3.5
| 60-126 120-180 7-9 3.5-5.0
v 126-200 180-320 9-30 5.0-20.0
F4 BEELITEH
Table 4 Statistical parameters of data sets
Rock burst index O pma/ MPa o /MPa o/MPa Ayt
Maximum value 221.00 200.72 22.60 17.13
Minimum value 3.80 15.50 0.70 0.88
Mean value 50.42 113.68 4.94 6.16
Standard deviation 29.42 38.51 2.88 3.57
Sample size 174 174 174 174

1.2 BUES

Sk N Wb TR A AN TR BRI GE AR O R, AL R UE OO EOE A2 R AT T AR A B, IR 1
Ro L, KRNG5 AT 0 0 R 45 R A B % R 2R SRR B T IR, RO T A R AR I A
AFEAE . X AR T 7 MBS I T L H, 508 46 04 20 A5 B R L, JHG v Bl 25 1500 5 D A B B 1 g R
FRPUE T RR . W, T ERE A HE bR B A AE DS, R R R A e A A, AR BN L A B AR
FIF DG R EBE . IRAEACRET LAE L, 4 D bnZ AR 55O . INIEL 1 i A 81 i AR 2R 1 T A
A, A R ARG AR SR, DL R BE A T A R AR

AN BB 3 H A AE Z BRI ECE . S 2R AR BGE K T D B G RE AT, b 25 52 2R
P 28 A, DARIE A B AR SR BE A P A b B . P 2 WO, ARAFFSE b T B beAR 32 4, 5
Fb R 18.4%; A IBFEA 47 4, 5 R 27.0%; M A IEEEA 70 4, 5 H R 40.2%; IV A IR FEA
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Fig. 1 Statistical relationship of raw data
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Fig. 2 Distribution of rock burst grade in data set
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Fig. 3 Scatter plot of outlier samples (07, -5 0°.)
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Table 5 Removes outlier samples

Sample No. 0y /MPa (outlier value)  Rock burst grade || Sample No. 0y, /MPa (outlier value)  Rock burst grade

11 108.40 \Y 95 75.60 I
25 110.35 \Y 96 59.77 v
36 2.60 | 122 119.69 v

[ i, 2% P& BIVREA KL H AN, ASHFFE R ] A 15 LI >R A (ADASYN) 3 I /D BB AR H o %05
EARE D BCEREARTE ZHEEFEA I 43 A 15 O, 7T LA F 3 0 b O AN [R] 2 B RE A I AR, Sy ufE L 27
2] B D BEEREA A U 22 1B UREAR , BB 8% A i DR A I A B A0 17 G SR I Y 80 4 o ok
[ 158 G197 5520 251 48], Jorp T e AR 65 21, YA IRFEA 60 21, MPCHRFEA 62 241, VYA RFE
A 64 M, BHEHEBALOIEIT 12 12 12 10 Fefa, il S A [ 40 SR & 49 1 52 0, i pRass 24 e 8
R, S R BRI 2R SR H i K-/ IMELX - e )R8 2R 2E A7 U — AR AR B, 408 R ST A

2 ISSA 718

SSA 1 R BRIV T H SR FLRRAE T6 1, 3 L BADURRAE PP A IR D B G 3l . SUE A RO B AT o
PR pe Ak, HARD BR S SClk [18].
2.1 Sine & HEBR ST 41806 1k Fh B

RS ) SSA HFPHEA B AL ™ A 1Y, T FEALY] LA AL A B A 0] LR (8 T fig 22 25 AR RS, BRI R 40

AL . P, ABFFESIA Sine 1T MG ACE BEHLBST, (440 46 JBR 242 Fh i RE A8 B0 2 s i A 71 R s
[ DAY, i v A 1) o it SO B - Sine TRV MU B R AR Ty
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b x5 MRIEG p RE S nelo 1,
22 HEEHENNERNHLIE
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BT SR SIS A T w, MU/ T2, w 7R R ORI A SR, fd i TRk 4
AR G ], 19 5 42 R THOURE 15 24 BUEE R T4 A B, w B & N s/, 358 T R m ae it
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5] XI[,] + Q R2 > s
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P b XS e A R AR O AR, Q AL [0, 1] 0E A 43 A5 10 i HLAC, Ry € [0, 11 g T 5 fif
S €[0.5,1.0] A4 H.
23 WATRNNRE

A DY 728 S A TR 0 A, R R0 AT R R A S TR SR S, 7 T s Ak P DA (/S , 368 30 i 3 8
G, DA R LA AR BRI S o ARSI AP ST, S8 50 PR VG 23413 o K50 i 8 S 1) ROR A AR
PWBNRE ST, 3 T30 5 B A Jm B dee I B s B 200 5B 68 E B S8 (o2 '

X,{;I :Xbesl (t)+C(0»1)®Xbest (t) (4)

K Xpew ()R 5 AA R E AN B, C (0, 1) R bn AR P4 53471 PRI R, @387 AR & 3L

il Sine EFEBLST | Zh7A B 1 WAL E FIA P4 A2 S 40 2h SR W 79 ISSA 1) BARBAT AL BR AN T

(1) BEN IS EL, AR DN | R KB E  fax « KILE LA Py | ITEEE LU AT S b | 1
{HR, . %4 BIES 45;

(2) $0AT Sine R W7 4G T FPRE 5

(3) AR TS A LURRAE 138 IO AL, e BE ey /N B R HE T, 10 24 i e DR 355 17 (R e 2 365 7 &
1B A B S IO 14 407 '8 5

(4) TERE N (RO 0 bR vh e BG40 R Po B R AE A Ry R I, JT 4 IR (3) BB 5

(5) A T BIRAE M RNE R B B, MR AR SSA 38 Bl /A X B &

(6) BEDL I JBRAE AR rh B HRLLU A9 R S o () JBR A A Ry 15635, A4 SSA i 5 4 T o 5

(7) SEFEART VG 25 S B0 3 Wi X M iy S LA A 3, A T A

(8) V538 0, B AL, BT RRAE o 8

(9) FIWTIE AR IR BEACHE IR G oA, 06 2, iEAT N — 20, B WBkEE D9 (3);

(10) BRIP4, it B It o
2.4 ISSA 4% BELGIE

T BIE ISSA B, LIPSO, GWO, GA. SSA BEAT SR TEREXT L, 5 P AR REDL AL 3 1%
MZEBLE MR 6 Fros . Hi: e, o, AR 5 Fidt 22 T 7, w B B, o s
T A0, 1] MW N R BEAL I A, PO SE SURE R, P O R S AR B IR 8 A A o A RR K
Fy~F, R, Fo~Fy 2o W e B, Fovh, B R 5O A I s 303k A9 MAe S5 B2 MR i T A e T, 2
WA R KR TR RV W R A B AR R e DL A RE T o R N 3 R 8 R B 0 A S5 AR B R 7 B .

*x6 HESH
Table 6 Algorithm parameters

PSO GWO GA SSA ISSA
P=20%, S,=10%, Pp=20%, Sy=10%,
$=0.8 SZO-S’ Wmin:l’ Wmax:3

c;=c,=2, w=0.9 a€(0, 2]; r,, ,€[0, 1] P=0.8, P,=0.05
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Fz7 MKXERH
Table 7 Test functions

Function Type Value range Optimal solution
F, Sphere [-100, 100] 0
F, Schwefel2.22 [-10, 10] 0
F, Schwefel’l.2 [-100, 100] 0
F, Quartic [-1.28, 1.28] 0
Fs Rastrigrin [-5.12,5.12] 0
Fy Ackley [-32,32] 0
F, Griewing [-600, 600] 0
Fy Foxholes [-65, 65] 1

O IR AR A1 SR R 22 R 9 S W), TR0 ) 09 308 P 2% F, RS B0 0 20, SRR B 500, 57 s 1T
30 W, LR IMEAIARHERE o WLEEER 8 AT AN 5 FPEATLTCIE 2 75 BIGE ok JOR 22 6 pR K0 , ISSA FE-F- 2 {H
FIARE 22 TP AR AL T HA Sk, TESR A Fy A F, BREUNE, S-S (ERIRR E 2280 0 %, A bE T H Al R vk 22 /0 42
T2 A B g, ST . SR 4 BOSRLE F A, ISSA 7 8 Fift 56 v Il 18 o 50 52 6 v o SK P S5 (ELAH
BT H A 4 Bk R PG 2 Ry i UM o (RIS e v 2 O0E R/ NS SR Ak Bl o o v e 3l B R/ o
X 5 B L 2 T I0 S IS5 R AT 15, ISSA BY-F- Y {E A bR 1 22 S/D, UL P ISSA -0 ad e A 45 e 1 o
56, M

%8 ISSA 5ZMEETIGERMITEL

Table 8 ISSA experimental results compared with classical algorithms

Mean value
Algorithm
Fl FZ F3 F4 FS F6 F7 F8
PSO 1.21x10° 1.84x10" 5.42x10" 6.20x10° 8.18x10" 6.52x10" 1.45x108 2.21x10°
GWO 1.23x10° 2.19x10" 2.63x10" 1.93x10" 2.88x10° 6.40x10° 1.31x10" 2.10x108
GA 8.28x10° 3.66x10" 3.12x10" 7.00x10" 7.97x108 6.17x10’ 1.64x10" 3.19x10"
SSA 5.60x107° 2.50x1072 1.71x1072 7.74x107 7.02x107 5.19x107 2.23x1072  4.15x107*
ISSA 6.11x107* 1.39x1072 1.08x1072 1.75x1072 0 7.67x107 0 2.87x1072
Standard deviation
Algorithm
F, F, F, F, F, F, F, F,
PSO 7.21x10°  4.11x10"  1.21x107%  1.39x10"  1.83x10"?  1.46x10?  3.25x10°  4.94x10"
GWO 7.71x10° 4.88x10" 5.88x10" 3.52x10" 4.54x107 1.20x10" 2.89x10" 4.08x10°
GA 1.41x10* 5.58x10" 6.80x10" 9.64x10" 1.43x10' 4.46x10° 2.14x10" 5.11x10"
SSA 6.32x1072 3.01x107" 2.95%x10" 9.80x107" 8.46x107"! 7.58x107" 2.15x107" 5.78x107"
ISSA 8.20x107° 1.47x107" 1.89x107" 2.75x107" 0 7.48x1072 0 4.48x107"

RIS, S 1 S B X LU 5 Ak Bk A MOS0 B ASCSEORS B2, 222l 1 8 ARl ak pR ik A St £8,
SR 4 Fon o WS EIE AT AR AT A SR 2 A WSkl 26, ISSA WSt 26— B 4b T8 O HAE 4L
/1N, U DG R SO SHE JEE  J SR AP L, ISSA B8
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Fig. 4 Convergence curves of different test functions
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Fig. 5 Cross-validation and objective function calculation
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Table 9 Accuracy of three machine learning models before and after data preprocessing
Model accuracy/%
Data class
MLP RF XGBoost
Raw rock burst data set 55.17 60.34 62.07

Preprocessing rock burst data set 63.22 74.71 77.59

R T 20 L ISSA X 25 A5 S DU ASE AR M R A 4 AR L 430l BE L SSA T ISSA B3t 3 Ffifsd 7 2
RS BT . K WAL BT 1) A M e A AR G e A A AL AL S AR DR 2
PEREFEFR, 36 T AT, MR AR 45 LA 4 Fh B SR R IT, 85 53 10 FiR .

H 2 10 ], A H T SSA, Zid ISSA WS ER Ak 5, 3 FiBE A i o 6 22 43 S 38 55 T 3.89%.
3.93% F1 7.12%, 16K H ISSA DAk H 8 S B0 T R PE RE R AT AT . Zr SF O3 10 K3, ISSA
X XGBoost 15 I 14 GE (4 48 T e Ko dEBUECHE A2 1 0] LA B, T 92 13 R TIT 20 4 5000 AT, ML= )
BN GRIE 75 50 R A iR ), 0 T G 1 NIV G B B /0 AR B, 1 ISSA-XGBoost 1AL T 2% F1TV 4%
PRI A 63K B 100%, T LUK B0 KT T %R0 IV 04 s B0 11 2 0 0 T2 2 4% 1) 108 1) S s v
EATS O T A AR, b ] B2 32 (1) 158 22 3 [l , e 0 Hh W G A R BB, BRI UL, AR AF 5 % 8% ISSA-XGBoost 57
AR R TN A 4% S5 ) S AR AR AR
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Table 10 Comparison of model prediction results before and after SSA improvement

Algorithm Rock burst grade Precision rate Recall rate F, value Sample size/group
I 1.00 1.00 1.00 13
SSA-MLP Il 0.75 0.75 0.75 12
(Accuracy, 82.36%) Il 0.80 0.68 0.74 12
I\ 0.75 0.86 0.80 14
I 1.00 1.00 1.00 13
SSA-RF I 1.00 0.83 0.91 12
(Accuracy, 84.31%) Il 0.68 0.68 0.68 12
I\ 0.75 0.86 0.80 14
I 0.83 0.92 0.87 13
SSA-XGBoost I 0.91 0.77 0.83 12
(Accuracy, 87.00%) 1l 0.82 0.75 0.78 12
I\ 0.85 0.93 0.89 14
I 1.00 1.00 1.00 13
ISSA-MLP II 0.83 0.83 0.83 12
(Accuracy, 86.25%) 1l 0.80 0.68 0.74 12
\Y 0.81 0.93 0.87 14
I 1.00 0.92 0.96 13
ISSA-RF I 0.84 0.83 0.83 12
(Accuracy, 88.24%) Il 0.79 0.91 0.85 12
\Y 0.92 0.86 0.89 14
I 1.00 1.00 1.00 13
ISSA-XGBoost I 1.00 0.83 0.91 12
(Accuracy, 94.12%) Il 0.80 1.00 0.89 12
v 1.00 0.93 0.96 14

34 FEEEMSH

AH ST 3 B 748 St (] 2 4 AH SC 2 BE 1 K2 R 2 A DG 43 1T, SHAP (shapley additive explanations) f#/IE
B BT AN BE U5 48 7R FRAE 22 [B) B AR 26 ¢ &, 1 HLH F A 8 AN [R] A5 7Y b (1% R i 2 2 A2 i AL o
ZEIRL N 7 FNIE 8 i . SHAP FRAEHH 2L U B T [l M H8 A X A SR g il (9 IE R &R . x4k b

{1 A BT 28 % I P o A — A7 KR 2, 7 High
(R R LT, BRI R T . TR o | —ade mieee o ottt e ecosbdl]- )
T AOT B B B R A X B TR E R o) e - E
ANo T T e BUE RN B RS AR At RS R E
TR AR TN R EAIG, RVIX 2 AMERE ol R =
St A5 780 T LA Bk 0 I 1D B B el oy
FEBC B R GO O, DI X 0 R T4 A SHAP value (impact on model output)
{7080 /N 6 B, 5K 24 0 TN T 1 T B P AR /7 SHAP HHEfHE

YRR EFEFS Hr SHAP # T2, 3 B H 0 X 4 5 1 Fig. 7 Summary of SHAP features
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Fig. 8 Feature importance analysis
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Rock Burst Prediction Based on Data Preprocessing and
Improved Sparrow Algorithm

ZHANG Ding, ZHOU Zonghong

(School of Land and Resources Engineering, Kunming University of Science and Technology,
Kunming 650093, Yunnan, China)

Abstract: To solve the problems of outlier samples, imbalanced samples, and local optimal of sparrow
search algorithm in machine learning rockburst prediction, this paper established a rockburst prediction
model from two perspectives of data preprocessing and algorithm improvement. First, based on lithology
conditions and stress conditions, selected the maximum tangential stress, compressive strength, tensile
strength and elastic energy index of surrounding rock as the characteristic indexes, and used three kinds of
machine learning algorithms combined with 5-fold cross-validation method to construct the prediction
model. In the data pre-processing stage, collected 174 groups of domestic and international rock burst cases
to establish a database; for outlier samples, introduced the local outlier factor (LOF) algorithm to detect and
eliminate outlier samples step by step according to the rock burst class; for sample imbalance, the adaptive
synthetic sampling method (ADASYN) was introduced to increase the number of minority class samples.
Three hybrid strategies were employed to improve sparrow search algorithm (ISSA) was used to optimize
the parameters of three machine learning algorithms, namely limit gradient lift tree (XGBoost), random
forest (RF) and multi-layer perceptron (MLP). Multiple evaluation indexes such as accuracy rate and
precision rate were analyzed and discussed to verify the effectiveness of the model. The results show that the
accuracy of the newly constructed optimal model, ISA-XGBoost, reaches 94.12%, indicating high prediction
accuracy. In addition to the feature importance analysis of the four feature indexes, it was determined that the
maximum tangential stress of the surrounding rock is the most important feature.

Keywords: rockburst prediction; data preprocessing; algorithm improvement; feature importance; machine

learning
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