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CNN-LSTM Rock Burst Intensity Grade Prediction Model Based on Fusion Optimization Algorithm Under Imbalanced Data
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Abstract: In response to the problems of imbalanced sample data and low prediction accuracy in the construction of rock burst
intensity grade prediction models, a rock burst intensity grade prediction model (BO-CNN-LSTM-Multi-head Attention) based
on convolutional neural networks (CNN) and long short-term memory networks (LSTM) was proposed by integrating
Bayesian parameter optimization algorithm (BO) and Multi-head attention mechanism (Multi-head Attention) under the rock
burst sample data balancing strategy. 224 sets of rock burst cases were collected from both domestic and international sources.,
and Box-Cox transformation and support vector machine synthesis for few class oversampling technique (SVM SMOTE) were
used to normalize and balance the rock burst sample data. The processed dataset was input into the CNN-LSTM prediction
model for training and prediction, and the model was gradually optimized by Bayesian parameter optimization algorithm and
multi-head attention mechanism. The prediction results indicate that Box-Cox transformation and SVM SMOTE sampling can
effectively reduce the impact of outliers and data imbalance on the model, and enhance the separability of the dataset. The
accuracy of the BO-CNN-LSTM-Multi-head Attention rock burst intensity grade prediction model is 95%. This model can
effectively improve the prediction accuracy of rock burst intensity in the case of imbalanced sample data, and has a high
feasibility and practicality.

Key words: Prediction of rockburst intensity grade, CNN-LSTM, Bayesian parameter optimization algorithm, Multi-head

attention mechanism

x W Fs HH8:2024-08-06
ES£WB EHK A KRR35 4 ¥ B0 H (52474098) ; W I 4 A8 A8 J7 48 731 X1 300 B (23564201D) s W db 8 A AR % S & W H
(E2024209024) ; K2 A Q1R RN I 2R3 X051 H (202410081040)
TEE BN RN (2004—) , 55 VLVE BB N, FENF A B FE SR B A DF5 . E-mail: 2758033523 @qq.com
BEEE MG A987—), 5 P, B, BN LA A F 2E SR B# 5B T/E . E-mail: hnlp87@163.com



112 gL B R S5 A

2025,45(6)

0 5l

TE 1 MR 7 X kA7 3 R A 28 B L B 1y IR A2
ZW SRR ARG RIS W LR E
AR 0 3L, X6 TR 5 A R TN B A i ™
FRT L I ST RV A S R T ASE R X
PR T RZ S A EEE L,

VF 22 24 35 SR S W 5 VE A B RBP4 208 & A 1Y
WE%, AN B 5 TF A A R A0 5 R R O IR TR L AL
T AT YEHEACE S A S R
VIKOR A5 #0520 B
TOPSIS'™ CHLAESE RS (CRITIC 3£ (B A
KA ML B-C BWERED 2R s P
FHOCA AT B AR B Y B X SR SR BL T A
A5 DRI (14 A 2 Pk AR A L F 9900 2% SR A AR R RE B K
8  HLAA B Y 3 E RO # 5

Wil 25 AL 2 2T 0 D4, H AR A 0 O TN 40 45
)T AT LA R S R R N A
S I N = N S 2 1 [ S TR i S 2 I
g B R 2 W 450 SOFM. it 28 W 4521 i
PRz o 2 1220 R e R 5 T2 ST I g )
2 M BR2E S HL AR A R R S R
BLT CREALAR RS2 S X e s — g HIL R 2 S B
s R R R 22, FH ]2 4
A 29 10 S She i i N A Y (1) B RN E B L (E
JE A B2 o T I R S B A A A T L A R I 5 B
NN B | T S 1 A 09 A == A o i
XA B E F W Harris Hawks i b 5 %
(HHO) , #5 H 2 /8 K6k ). W & THHO-ELM
TR T e B R A AR R T — b OR HRR
Y RIF T (SSA) ML AL Bl L £R AR 1L (RF) B Y
SSA-RF 5 7  $ 155 5 18 55 2 %) o0 I o 6 23 R0 T )
FERDZ A . BT SCMG A8 2 — B 3L k0 7 B 5
VLA S 2 N 48 558 (PSO-GRNND F4 2 48 15 )
TRV R R A AT REE . A B e o iR
Z ) U B0 T v A% T B BE T L (H 7R A A
INBYTE B R 25 55 B 5 LA G )

B TN P o B M N AN 2 BT O R B R e, 18
SR A BB EA SR UG, BN IRE
18] 1) 25 0 55 2 53 AT A AS M) A 3K SSORE S ) e R AR
I T A AE B R T L 25 O A B8 i A A 45 [ AT
T A A5 H5 0 42 0 AT P AT 52 i 25 4% oL K 2

Sy i P LA L [l 8, AR SC 4 SR A Box-Cox
T 75 7 0 AR ) A R B A E AT IR S AR A B W BR

gaill®

BB TP Ho 8 S R AL A A B R
FEH AR (SVM SMOTE) 52 Bl 4% 9 7 13 B0 24 5 4k 5
T A HE—Fp I F DU i S B AL A 2 Sk R
FIAL AL 2 UK 1 0 12 b 48 X 45 (BO-CNIN-
LSTM-Multi-head Attention) {2 55 il il A5 40

1 AR R

1.1 A#ERRE

BO-CNN-LSTM-Multi-head Attention #5714 BF
et B o B R AR R R 5 R RO 3 A
BB, 7EEE R4 By B L 3 ik SCHER IR I 77 1k AR B
VB | I8 % B R nT G BRI 4 5 A Ak A B
[ B < U W FH Box-Cox 7% 4, SVM SMOTE i 2%
FE.CNN-LSTM £ #1 BO-CNN-LSTM ##1 L) & BO-
CNN-LSTM-Multi-head Attention £ % £ 4 45 i 17
Ab B FESS SRR B B il i B R U A R R TR
RIR IO Z5 5 . Jrik iR E 1 prs.

BRERRB | [ smre | — smwm |
I

1]
[Box-coxZ#H  Ea#  H zmamm |
g H AwZE |
R

[ BO-CNN-LSTM |~ fj:4t, |Multi-head Attention]|

BRI B

[BO-CNN-LSTM-Multi-head Attention]

i
HATNEE |

GRETHE

B1 AEniE
Fig.1 Method flow chart

1.2 CNN-LSTM EI

BRI N4 (CNN) & — Fh IR B 2% ] i, 5
A BRI R BCRE 1 Aoy 2R . KE I IZIM
45 (LSTMD & — i B #it 22 I 4% (RNND 1 A8 1K, &
fif e T RNN B B 28 R0 B 1 4 1 [a] @, CNN
5 LSTM 45 & i F e 48 5050 R 45 B P 3, 48 A
AU S0 B i) T P fE . 2T CNN-LSTM #E 47
R I FE U L 38 0 AR Gt Ak 2 R BCS RS EN
FRAE I A B BUZ 5 k)2 Z [ 5] A LeakyReLU
T PRBICR B R R ) L, R A AR T AR R Y fE
HE T,
1.3 NMrsHRefnsLiER AN

TEXT R VEAT Y25 B0 B K B A% R S 8 TR
(R 2 G e DA R 2 B RIS A M e . Rt
1AL 87 2 50004k (BO) 5503 %) B 5088 2 800 47



HORM L F RGBT HIE T kAL E 60 CNN-LSTM 2R A EF A FRMAER[]]. 5 kAR5 F 4K ,2025.45(6). 113

VAL . ZE LR A T S U R LS ] DUAR
P2 AT MRS R B A T — S5 AN
T A6 A X 55 /0 1 326 A R 85 P 4R B e AR . BO B9k
X} CNN-LSTM £ B A4k s F2 . (1) % S S 50
FEFE I 5 (2) 78 XCH Ar pRE (3) i FH 43 25 38 S 4
e PRBCRT Adam (AL 2% . DL S A SN 3 2 48 1 P
MrAads; (DO WREMBESHAE .

%3 7% & J1 ML H (Multi-head Attention) & —
Tofr FH] e st Ao 42 ) 285 A5 100 36 B A 3 3 T LR L % BL
il BB A8 {6 A5 AR [R) o O 7 S A B R S R L B AR
B DT 2 TR P RE

2 MEEZBRINETNER

2.1 RBHESTSN

R AR B A R B RSO R BT I E PN A B BE
B LI e L 4 T R A8 114 5 0 TR R R S ER 4
PG 22 5 SCHR-S o101 B IRCT e BE S R LA R
PER i 5 R UL 1Y 3 ANV 4 A - TP B 1 4 AL
W EAMNNFR oo/o. VA AMHERE 6. /0.,
IR IUE SR IARME LR 1,

R1 EBRUEBERDERE

Table 1 Classification standard of rock burst intensity grade
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Table 3 Statistical parameters of rock burst data set
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Table 4 The A value of Box-Cox transformation
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Box-Cox transformation
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