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Fault detection of bearings based on wavelet
scattering and machine learning
MEI Na', YAN Bingzheng®

(1. Tianjin Academy of Traditional Chinese Medicine affiliated Hospital, Tianjin 252059, China; 2. Center for Advanced
Laser Technology. Hebei University of Technology. Tianjin 300401, China)

Abstract Bearing condition monitoring and fault diagnosis are essential for the stability and reliability of
medical devices. In response to issues such as reliance on manual experience, low detection efficiency, and
accuracy in bearing fault detection, a bearing fault detection model based on wavelet scattering and support
vector machine is proposed. Firstly, the original vibration signal is preprocessed, and a wavelet scattering
network is constructed. Cross validation and grid search algorithm are used to train the SVM model,
which can determine the fault type and size at different speed. To verify the performance of the model, ex-
periments are conducted using a bearing dataset collected by Case Western Reserve University. The results
show that the model can achieve an accuracy rate of 100% in detecting fault positions and fault sizes. The
model demonstrates excellent accuracy and stability, and provides a new approach for automatic bearing
fault detection.
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Fig. 2 Wavelet scattering network construction method
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Tab. 1 Dataset

Bearing fault location Fault diameter/m Code Class Sample number
normal - N 1 480
0.000 178 IR1 2 480
inner race 0. 000 356 1R2 3 480
0. 000 711 1IR3 4 480
0.000 178 Bl 5 480
ball 0. 000 356 B2 6 480
0. 000 711 B3 7 480
@6:00 0. 000 178 ) 8 480
OR1
@3:00 0.000 178 9 480
@12:00 0.000 178 10 480
OR2
outer race @600 0. 000 356 11 480
@6:00 0.000 711 12 480
@3:00 0.000 711 OR3 13 480
@12:00 0.000 711 14 480
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Fig. 4 Signal diagram of different fault types
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Fig. 7 Grid search to find the optimal parameter result
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Fig. 8 Experimental result
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Tab. 2 Generalization ability experiment 1 results
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Fig. 9 Result visualization

Motor speed of training set/(r * min~ ')  Motor speed of test set/(r * min~ 1) The number of correct predictions oace/ %
1772.1750,1 730 1797 1677 99. 82
1797.1 750.1 730 1772 1680 100
1797.1772.1 730 1750 1 680 100
1797.1772.1 750 1730 1 680 100
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Tab. 3 Generalization ability experiment 2 results

Motor speed of training set/(r * min~ ') Motor speed of test set/(r * min ') The number of correct predictions eace/ %
1772 1570 93. 45
1797 1750 1560 92. 86
1730 1459 86. 85
'''''''''''''''''''''''''''''''''''''''''''''''''''''''' vier e o
1772 1750 1 680 100
1730 1628 96. 90
"""""""""""""""""""""""""""""""""""""""""""""""" vir e s
1750 1772 1670 99. 40
1730 1 680 100
"""""""""""""""""""""""""""""""""""""""""""""""""""" v 1ez o595
1730 1772 1667 99. 23
1750 1 680 100
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Fig. 10 Experimental result Fig. 11 Result visualization
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Tab. 4 Literature comparison

References Number of fault types oace/ %
synchrosqueezed wavelet transform—+CNNHH 10 99. 88
sparrow search algoritherCNN[ZS] 10 99. 10

sparrow search algorithm+SVM? 4 100

empirical mode decomposition"*"] 10 100

this article 14 100
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