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Tab.3 Identification accuracy of 4 methods under unbal-

anced samples/%

Zi AR5 k6 Tk k8
A1 99.78 94.43 93.67 96.87
#H2 98.12 93.36 90.34 94.10
43 97.12 92.87 87.74 91.78
H4 96.26 91.78 85.98 89.39
#H5 95.14 91.12 80.09 87.98
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Tab.4 The values of P, R and F, under two methods in

group S
‘ AT k8
T
P/% R/% F, P/% R/% F,
a 95.84  95.15 0.94 90.41 77.82 0.86
b 95.34  95.54  0.95 89.24 80.79 0.85
c 95.41 95.74  0.95 89.19 78.58 0.87
d 96.15  94.58 0.96 90.32 80.89 0.86

95.57 9441 0.95 90.58 99.12 0.84
f 94.28 93.83 0.95 88.67 70.87 0.83
g 94.36  91.16 0.94 88.11 76.24 0.83
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Application of morphological empirical wavelet transform and
IFractalNet in bearing fault identification

DU Xiao-lei'"?, CHEN Zhi-gang'*, WANG Yan-zue'’, ZHANG Nan'

(1.School of Mechanical-Electronic and Vehicle Engineering, Beijing University of Civil Engineering and Architecture, Beijing
100044, China; 2.Beijing Engineering Research Center of Monitoring for Construction Safety, Beijing 100044, China; 3.Beijing
Key Laboratory of Performance Guarantee on Urban Rail Transit Vehicles, Beijing University of Civil Engineering and Architec-

ture, Beijing 100044, China)

Abstract: Considering that the traditional rolling bearing fault identification methods heavily rely on expert experience and are diffi-
cult in fault feature extraction and selection, a method based on morphological empirical wavelet transform (MEWT) and im-
proved FractalNet (IFractalNet) is proposed. The raw vibration signals of rolling bearings are adaptively decomposed into several
intrinsic modal components by MEWT. The components with obvious fault characteristics are selected using the comprehensive
evaluation index and then reconstructed. Considering that the defects of the raw FractalNet, the loss function, activation function
and optimization method are improved. The reconstructed vibration signals are fed into IFractalNet for automatic feature extraction
and fault identification. The experimental results indicate that the proposed method avoids the complex manual feature extraction
process and can effectively identify the various fault types and multiple fault severities of rolling bearings, which shows obvious su-

periorities in generalization ability, feature extraction ability, and fault identification ability.
Key words: fault identification; rolling bearing ; morphological empirical wavelet transform ; IFractalNet
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