& xR % R

Chinese Journal of Scientific Instrument

F40% A5
2019 4£ 5 A

Vol. 40 No. 5
May 2019

DOI: 10. 19650/j.cnki.cjsi.J1904766

BT TL-LSTM f 5 R AP % 515 SR 51575

T & AT 9,
LB TR TRk

i, R KA
110870)

B OE AN Z O T IR SRR R SR SR BRI R, B T — AR IZ M 4 (LSTM) 53R~ (TL) ARZS 5 1Y)
SRR T 15 o 2T AL LB — TR I5UR A A S5 S IR AR My LSTM BEAY 87042 40 11 75 A S 15 5 15 i
Z IR IZ VR 5 2 AR5 DN 24 00 BAT AR S5 A R A0E A4 F A T 00 T A3 5 5 1A TR 4545 TL SR XA S 20 A 5 AE ) H
B R )R, DT AT 58 S22 R 2R T 00 T SRR AR A 1 35 4R IS RE TR o SEER A RAR I 0 T i R AR
TR SRR IL 5 T D0 AR I AR AT R (AR ARt e R 24 LA vy 9 G R, ) i o i 1) S5 B 22 b S 20 T 000 e e 19 S B o
LR BRI IIAT: 55, 4R IBE 1 X S Bl BBl A 0 HORS, B8IE 13%  TR R AT AT RS B

KRR : PR IHOR SR SR ; SR IR 5 KL R 2% 5 1B 2 >

HESES: THI65™.3 TPI8 NXERARIRED: A ERREFR S ERE: 510.40

Research on acoustic emission signal recognition of bearing
fault based on TL-LSTM

Yu Yang, He Ming, Liu Bo, Chen Changzheng
( Shenyang University of Technology, Shenyang 110870, China)

Abstract : Aiming at the issue of fault acoustic emission (AE) signal intelligent recognition of rolling bearing under multiple working
conditions, a new fault recognition method combining long short-term memory ( LSTM) networks and transfer learning (TL) is proposed.
This method only takes the original AE signal parameters under single working condition as the training samples and constructs LSTM
model to fully excavate the deep mapping relationship between AE signals and faults, so as to identify the faults under other working
conditions that have similar distribution characteristics with the training working condition. TL is introduced and combined with the LSTM
model to deal with the fault identification problem under other working conditions that have different distribution characteristics. Thus,
the adaptive extraction and intelligent recognition of the fault features under various types of working conditions can be completed. The
experiment results show that the recognition of inner ring, outer ring and cage faults have high accuracy under the working condition
changes of the rotation speed, acquisition position and type of the rolling bearing. The real-time on-line intelligent monitoring task of the
faults can be completed end-to-end under various types of working conditions. The proposed method gets rid of the over-reliance on prior
fault data, and the feasibility and superiority of the proposed method are verified.
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Fig.4 The structure diagram of the TL-LSTM model
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