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Convolutional neural network diagnosis method of

rolling bearing fault based on casing signal
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Abstract: A fault diagnosis method based on convolutional neural network (CNN) was
proposed for the weak fault of the engine casing under the rolling bearing fault excitation.
The one-dimensional original signal was converted into image signal by using three prepro-
cessing methods: matrix graph method, kurtosis graph method and wavelet scale spectrum.
Then the convolutional neural network was used to identify the fault. Through comparative
analysis, the fault identification rate of rolling bearing was 95. 82% , which was higher than
other vibration signal pretreatment methods. At the same time, the fault recognition rate of
convolutional neural network was about 7% higher than that of traditional support vector

machine (SVM) because it can use deep network structure to extract the fault characteristics
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of rolling bearing adaptively. The results show that the proposed method is feasible and ef-

fective, and has a good generalization ability and robustness.

Key words:

rolling bearing; casing signal; convolutional neural network(CNN) ;

wavelet scale spectrum; fault diagnosis
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1
Fig. 1

Aero-engine rotor tester

22
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2
Fig. 2 Physical map of rolling bearing after

machining failure

1 6206
Table 1 Basic parameters of 6206 bearing

/mm /mm

6206 16 9 5 46 9

(B&K 4805) (NI USB9234)
, 10 240 Hz,
8192 .

2

Table 2 Rolling bearing fault simulation test scheme

/

(r/min)
1 1500 ’ ’
2 1800 ’ ’
3 2000 ’ ’
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Fig. 3 Waveform of faulty bearing in time domain

(Hilbert transform)
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Fig. 4 Envelope spectrum of bearing vibration signal
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Fig. 7 Schematic diagram of raw data preprocessing

method results
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Table 6 Fault classification results based on casing signal

/% ’

CNN-+ 92. 44 90. 03
CNN-+ 93. 58 92. 17
96. 32 95. 82

SVM 86. 16 88 73
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