CHRYE I R B o X @ K F F R Vol.54 No. 2
2020 4F 2 A JOURNAL OF XI” AN JIAOTONG UNIVERSITY Feb. 2020

DOI: 10. 7652/xjtuxb202002007

R B % R R 1AL 0 e L B 7

REFRT, TR, A, X
LA E G p R BRI e 221008 TEBRARI 5 2. o [ K2 98 P 1T 1)
BEFCL . 221008, YLARERM s 3. o Sl KA LS PR TR AR BE . 221008, VEIRERMD

WE . AT MR IE S 0 F & 4 A2 At 42, B3 i A ok B 6945 5 8 7 5 R R K
LT AR TEE AR A S RE B 5h WL By ik wyﬁﬁ;—ﬁ#m)\f FINHALE
FIHMANRE REAALELETEASABARRABEESGHF L BT JE ALK B R R B
RETHFHEST . ARARNLERRNLENSZREFERR . EERXREE iJ#JL%Hw RO 4% fiE 33
Tt RN A S0 X RMTINREINRMEELSH, >N ENMBERFHAUEERT RS
BABESTZFT EO AR RATRIE, 2R R ZH R ERAEFHE 100%; AHFIANRF R
TR A — 4 dB R, AT B R F KRB IBEETF KB R ERE A 4. TTY EH A
L LWy R B R 78,3650, IRA EHERES THAUMNESRI L R, EWN T T ELA
BaRuy ik B TR

KR A BE S W AAE ;5 REHFIER I 2 & A AL

FESES. THI33.33;TP18 X#ifrEL: A XEHS: 0253-987X(2020)02-0051-08

A Diagnostic Approach for Rotating Machinery Using
Multi-Scale Feature Attention Mechanism

WU Jingran', DING Enjie*?, CUI Ran', LIU Jianhua'
(1. Xuhai College, China University of Mining and Technology, Xuzhou, Jiangsu 221008, China;
2. CUMT-IoT Perception Mine Research Center, China University of Mining and Technology, Xuzhou, Jiangsu 221008, China;
3. School of Information and Control Engineering, China University of Mining and Technology., Xuzhou, Jiangsu 221008, China)

Abstract: A multi-scale end-to-end fault diagnosis method based on attention mechanism is
proposed to deal with the problem that rotating machinery fault diagnosis needs complex feature
extraction process and the diagnostic accuracy is low for noise-containing samples. A random
dropout mechanism is introduced to suppress input noise at the input end. Taking advantage of
the fact that fault signal has multiple modals, the vibration signals under different scales are
obtained by using coarse-grained layer. Then multi-scale features are extracted by using fully
convolutional networks and fused by using an attention mechanism. Finally, rotating machinery
fault classification is realized based on a multi-classification function. The validity of the model is
verified with the Case Western Reserve University bearing dataset and gearbox dataset,
respectively. Experiments show that the fault recognition rate of the method is up to 100%.
When the ratio of signal to noise is —4 dB, the fault recognition accuracies are 84.77% and

78. 365% on the Case Western Reserve University bearing dataset F and on the gearbox dataset,
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respectively. The recognition accuracy is higher than that of other machine learning algorithms,

implying the proposed method has strong anti-noise ability.

Keywords: rotating machinery; fault diagnosis; random dropout; multi-scale feature extraction;

attention mechanism
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