Bk HoW ('O G- (1 Vol. 42 No. 2
2021 42 H Chinese Journal of Scientific Instrument Feb. 2021

DOI: 10. 19650/]j. cnki. cjsi. J2006458

B Tt B shapelets BRI S EHFE
b 7 A B 12 BT 7T TR T 3

RAEMN RIR,ARKR AEEE F &
(AR AR AU S i TRR2=Be Jbad 100044)

W OE AR PIRN5IEE TE 5 A BB A RN B A PR AR 7R Sl A BRI W 7 s AR A o AR5 5 b 3 A A 2 |
TR RRPEST SR A, TGRS W B AR A I AR SO 3L T shapelets 2 2 503k A 8] 32 571 43205 325 5] A 12 B 45008, 38
BRSNS HRYR S S T B A AU AR S AR 0 AP RS 95T Dropout SAEXHS W BT T ek, FLER S
R 7 IR B2 WokE B B A R, PR B8 T shapelets 74 “ e BARZRME AR 1] PP 510 7 3 271 s ml f ek, TRl Rs, 3%
F Dropout PRI Bl 4R T TR ()72 A RE , A6 IR BB B0 (9 U1 2R A8 Fniml i 4 80 EUR T 100% A2 Wiks 2 TEW T & F
shapelets 1423 2% 3 L& — AT AT B R 1 30 42 2H Bl ol AR a2 B 9 7 1% o

KR WS W TR SRR ; shapelets ; HLgS 24 > h 4240

FESZ%ES: THI13.1 THI165.3 XEFRRE: A ERREERSERD: 460. 4099

Research on fault diagnosis method of axle box bearing
of EMU based on improved shapelets algorithm

Song Zhikun, Xu Licheng, Hu Xiaoyi, Ren Haixing, Li Qiang

(School of Mechanical, Electronic and Conirol Engineering, Beijing Jiatong University, Beijing 100044, China)

Abstract: The two currently existing fault diagnosis methods for rolling bearings based on signal processing technology and big data
processing technology have the disadvantages of over-reliance on signal processing, complicated model and weak interpretability. Aiming
at the shortcomings of traditional fault diagnosis technologies, this paper introduces the time series classification method based on
shapelets learning algorithm into the field of fault diagnosis, and establishes the unbalanced data set of the faults of the EMU axle box
bearing through the EMU wheelset bench rolling vibration experiment. The diagnosis model is improved based on the idea of Dropout.
Experiment results show that the method guarantees the accuracy of fault diagnosis while retaining the strong interpretability of the
shapelets as “the most representative time series subsequences”. At the same time, the improvement of the model based on Dropout
improves the generalization performance of the model. The diagnostic accuracy of 100% on the training set and test set of bearing fault
data was achieved, which proves that the improved learning algorithm based on shapelets is a feasible method applied to the fault
diagnosis of axle box bearing of electric multiple unit.
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Table 2 Shapelets learning algorithm
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