FA55 % 11
20244 11 A

A ok kX F F R (
Journal of Northeastern University ( Natural Science ) Nov.

B X H F k) Vol.45,No.11

2024

doi: 10. 12068/j. issn. 1005 — 3026. 2024. 11. 009

i [ 5 2= WAL 408 ) 4% 72 iR B e 73 A B 12 T R 9 R R

EXF

KSR, £ B, FFE,
LT PEBH 110819)

(FRAERE: UM R S |3k pe,

i o EERHR Sl R A DR M P R LA EAT RS T2 T 0 [ B 48— B T AL Rl A TR EE R
2R W 2 IR Sl R B2 T . 15 a5 |88 22 T Bk G F 0 45 ah R T SR A AP 2 08 2 sl g ke )
AU 5 SR R FH 22 RUBE i AR il G B IO Bl 155 58 =F 5 09 JR) B4R i 38 4 0 ML 1 3 5 s £ e
B0 e O BB AT 30 0L 2 R 5 SR i, 30 3 T A 28 P U 0 P e e 5 ot i 4 X 24 R T U 5, DA S BV B
HERTE 5 M 75 PRI T (R WSR2 W . S50 45 SR B, 7E AN [R) 45 4 HE (signal-to-noise ratio, SNR) I B 7 254 T,
Fe AR 0 TR P 58 22 A0 I 285 5 2 8 (A RS R R B S 0 T v A A B 12 kS 2

X 8O WERZEWEE M ARG TR TP R Sl RS W

FESES: TH 7 XHERFRERD: A XEHS: 1005-3026(2024)11-1587-08

Application of Deep Residual Shrinkage Network in Rolling
Bearing Fault Diagnosis

ZHANG Zhi-jin, LI He, HUANG Yu-shi, WANG Wen-xue

(School of Mechanical Engineering & Automation, Northeastern University, Shenyang 110819, China.
Corresponding author: LI He, E-mail: hli@mail.neu.edu.cn)

Abstract: Given that it is difficult to accurately diagnose rolling bearing faults in a strong noise
environment, a deep residual shrinkage network is proposed with pooling fusion for rolling
bearing fault diagnosis. Firstly, the proposed method employs residual connections to avoid the
risk of gradient vanishing or explosion due to excessive network depth. Then, the approach uses
multi-scale pooling feature fusion to extract more comprehensive local features from vibration
signals, and an attention mechanism to automatically derive the optimal threshold of a soft
threshold function. Finally, the network is trained through labeled data to achieve the accurate
fault diagnosis of rolling bearings in a strong noise environment. Experiment results show that the
deep residual shrinkage network based on pooling fusion can outperform the traditional models in
diagnosing rolling bearing faults under noise conditions with different SNRs.
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