BT oW OB R Bt H10M
ELECTRONIC MEASUREMENT TECHNOLOGY 2021 4E 5 A

DOTI.: 10. 19651/j. enki. emt. 2106657

A& T 5 TR M E W 4% 1Y B I80UR B A SRR 12

iﬁ#{_lﬁ ill %31,2 ié&ikl,z 3?11/3:2 l#‘l,z
(1.2AE LIRS e THEFR L9 650500;2. @ B LB LA Ly THRAT TS B9 650500)

# OE: N THEIMERNLE S S B R DO B 0 7R 3l R R 2 W 25 A 2 RS W R AR 0 [ AL 42
W T T HE /N (CWTD R 52 3 (TL SR BA IR ) MR i Wy k. 2o Bl g SR BOA R T
LT B B 0 g R i B I 815 5 AN E N TSR A T A A AR A Rl CWT BRI 5 S/ %5
5o HYOR TR 538 i A% PR BORE IR ISR AR R AR SRR A i g B AR A AR B R AR IR DL B B B K BB 25 R (MK-
MMD) I 8 4 B4 e o AL T 6 0 75 A 35 B 4 48 1) 4% (CNIND A 3 2 7R B30, i/ T8 #8 J5 TR SRR AS T B s R A 1 4
MES . AU ¥R 0 IR A AR B0 A i CNN LR AT =CIR 5, SE IR R T AL F 857 & B9 TR gl il g e 1 B
W, 20l ST AR ARSI AR T H AL R, BER A TONE T T BT & 1R 2K i R 2 WO B A
B,

XEHE: AR T BB ZNE BT TB% T WESH: ZZ IR K HEESR

FES %S TNIS; TN06; THI165. 3 T EARIAAG: A ERREEMNSER: 460.1520; 510. 4030

Cross-domain rolling bearing fault diagnosis based on convolutional
neural network combined with transfer learning
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Abstract: In order to solve the problems of low error-tolerance rate and low diagnosis precision of traditional machine learning
algorithm in rolling bearing fault diagnosis of cross-platform under different working conditions, which a rolling bearing fault
diagnosis method based on the fusion of continuous wavelet transform (CWT) and transfer learning (TL.) was proposed in this
paper. In this method, the time-domain signals of rolling bearing fault signals under cross-platform and different working
conditions were extracted as source domain samples and target domain samples respectively, and the vibration signals were
transformed into two-dimensional signals by CWT algorithm. Then, the fault signals were mapped to the reproducing kernel
hilbert space through kernel function, and the loss function of the convolutional neural network (CNN) was optimized to
reduce the distribution difference between the source domain and target domain samples after transfer learning using the multi-
kernel maximum mean discrepancy (MK-MMD) distance as the metric. Finally, CNN model was used for the pattern
recognition of the matched source domain and target domain samples to realize fault transfer diagnosis of cross-platform rolling
bearings under different working conditions. Experimental results show that compared with other methods, the proposed
method improves the accuracy and robustness of fault diagnosis of rolling bearings significantly under cross-platform and
different working conditions.
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