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Real time fault diagnosis method of rolling bearing
based on CWT and LightweightNet
LI Feilongl, HE Weihui’, LIU Lifangl, QI Xiaogang3

(1. School of Computer Science and Technology, Xidian University, Xi’an 710071, China; 2. Xi’an Satellite Control Center, Xi’an
710049, China; 3. School of Mathematics and Statistics, Xidian University, Xi’an 710071, China)

Abstract: In order to solve the problem of large computation and high cost when common deep learning algorithm is ap-
plied to bearing fault diagnosis and classification, a real-time rolling bearing fault diagnosis method combining continu-
ous wavelet transform and lightweight neural network is proposed in this paper. Firstly, the Morlet mother wavelet func-
tion is used to carry out continuous wavelet transform on the bearing vibration acceleration data, extracting the time-fre-
quency domain features and converting the one-dimensional signals into two-dimensional images. Then, Lightweight-
Net, a lightweight convolutional neural network, is designed for time-frequency image fault classification by combining
lightweight neural network design elements such as group convolution, channel shuffle and inverted residual structure.
LightweightNet not only ensures sufficient feature extraction ability, but also has lightweight characteristics. The bear-
ing failure experiment data sets from Case Western Reserve University show that, compared with other methods using
classic lightweight neural network, this method has less parameters, the highest degree of accuracy and faster diagnosis
speed, the real-time fault diagnosis of rolling bearing can be achieved basically, far less than other similar methods in
memory consumption and model storage space.

Keywords: rolling bearing; fault diagnosis; continuous wavelet transform; time-frequency feature; lightweight neural
network; group convolution; channel shuffle; inverted residual structure
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7 1470.998 1750 107.mat 120.mat 132.mat
2206.497 1730 108.mat 121.mat 133.mat
735.499 1772 170.mat 186.mat 198.mat
14 1470.998 1750 171.mat 187.mat 199.mat
2206.497 1730 172.mat 188.mat 200.mat
735.499 1772 210.mat 223.mat 235.mat
21 1470.998 1750 211.mat 224 .mat 236.mat
2206.497 1730 212.mat 225.mat 237.mat
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Fig. 8 Continuous wavelet transform processing results
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lon=1x10"; Yl Zi & Ik epochs=80, Hit b ¥l 4 5
M batch_size=128, ¥ Il Zh b i A B AL i 17 2
ol . ARCA LR ERA GPU ) Win-
dows 10, 64 i #:4E RSB AL E k4T, CPU B %
47 15-10600, 215 NA7H 16 GB. Zmfeif 5 i Y
J& Python 3.7, fif1 5 W 25 152 54 44 42 {if ] TensorFlow
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Table 3 Output dimension and parameter quantity of each
layer of neural network

R R ZH
input (InputLayer) (,32,32,3) 0
LightweightBblock0 (., 16,16, 16) 959
LightweightAblock0 (L, 16, 16, 16) 1056
LightweightBblock1 (,8,8,32) 3600
LightweightBblock2 (,4,4,48) 8192
conv5 (ConvBNReLU) (,4,4,96) 4992
globalpool (GAP) (,96) 0
fc (Dense) (,10) 970
softmax_6 (Softmax) (,10) 0
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Fig. 9 Model training loss curve
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Fig. 10 Model training accuracy curve
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Table 4 Fault diagnosis accuracy results of test sets of six models

sl BAR% 2% 3% A% HESU%  SFRIUERRR/% i %

CWT-LightweightNet 99.72 99.72 99.77 99.72 99.77 99.74 0.0006

CWT-CNN-GCF 98.00 98.89 98.67 99.11 99.33 98.80 0.2084

CWT-CNN 97.77 98.44 98.22 98.66 97.55 98.13 0.1702

CWT-AlexNet 99.30 99.44 99.66 99.77 99.56 99.55 0.0270

CWT-MobileNet 98.20 99.30 99.30 98.67 97.78 98.65 0.3610

CWT-ShuffletNet 95.33 90.22 94.00 95.77 91.55 93.37 4.6467

x5 o MRBMNIK SRS BT H 35 4R
Table S Other indicators of fault diagnosis of six models on the test set
FRAY LI E]/ms SR Ji ki N AF/MB REIUTF A%/ MB

CWT-LightweightNet 82 19769 0.5808 0.20
CWT-CNN-GCF 1134 1261450 5.3677 5.07
CWT-CNN 320 1261450 5.3677 5.07
CWT-AlexNet 531 46787978 181.2720 187
CWT-MobileNet 472 2270794 13.2001 9.34
CWT-ShuffletNet 358 359994 9.7692 1.91

M 4 ] DUE A SR T ETE 2 IR
W3 4R 7912 Wi AT 55 b 5 AT S5 19 7 38 M i o
99.74%, H Z WS 45 R A foE . XUl
1) LightweightNet b H Al a HLEAT I 5 4 10l B 4
fEHEHCRE /1o HWR MR E CWT-
AlexNet, “F-HI{EH N 99.55%, KK AlexNet J2&—14>
KGR M4, B T 7S 80m fiE
2B BUR B AR SR T LG o R B AL ASOR A
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