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Abstract ; Aiming at the shortcomings of traditional signal analysis methods in rolling bearing fault
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feature extraction and fault classification, combining the advantages of stack de-noising auto-
encoders ( SDAE ) algorithm in feature extraction and feature classification, a rolling bearing
intelligent fault diagnosis method based on grey-level co-occurrence matrix ( GLCM ) and stacked
de-noising auto-encoders( SDAE ) was proposed. Firstly, the gray-scale time-frequency diagram of
the rolling bearing is obtained by short-time Fourier transform ( STFT ). Then, the gray scale co-
occurrence matrix is used to extract the fault feature parameters in the gray scale time-frequency
diagram,and the feature vector space of rolling bearing fault categories is constructed. Finally, it is
input into the SDAE network model to realize intelligent fault diagnosis of rolling bearings. The
fault feature extraction and fault type identification experiments were carried out on the bearing
data set. Experimental results show that the method described in this paper achieves an average
classification accuracy of more than 95% in both training set and test set, and is significantly
superior to support vector machine ( SVM ) and deep belief network ( DBN ) in fault recognition
rate. It is proved that the method proposed in this paper can effectively diagnose the fault state of

rolling bearing intelligently.
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Table 1 Experimental data set of rolling bearing
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WE/mm  (A/B/C)

IEH 0 100 1
SR 1 0.007 100 2
HME R 2 0.014 100 3
PNER 0.021 100 4
PN R 1 0.007 100 5
PN R B 2 0.014 100 6
PN P 3 0.021 100 7

BRI 1 0.007 100 8
EHAEE2  0.014 100 9
EEAEEE3  0.021 100 10
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Fig.5 Time-frequency diagrams of gray scale extract from the bearing sample set
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Table 2 Attribute values of grayscale symbiosis

matrix in normal state

AR PE
/() \ -
XPECEE MG HE & =) o
0 9.9092 0.0484 0.7084  0.898 8
45 10.4735 0.0467 0.7065  0.895 0
90 5.8225  0.0594 0.7294  0.929 3
135 10.8747 0.0453  0.7034  0.8927
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Table 3 Attribute values of gray scale symbiosis

matrix of scroll body

L A
s/ P
XPLOEE AHORPE HE & Giligs
0 7.010 2 0.056 5 0.8339 0.923 4
45 7.877 4 0.040 2 0.8225 0.916 0
90 0.8339 0.074 8 0.842 3 0.929 3
135 0.923 4 0.040 1 0.8215 0.9159
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Table 4  Attribute values of inner ring gray

scale symbiosis matrix

AL A

/(%) - -
XTHE ARG et [e] i
0 6.9273  0.0576  0.8393  0.9253
45 7.6329  0.0413  0.8294  0.9189
90 5.8274 0.0790 0.8492  0.9322
135 7.6745 0.0414 0.8287 0.9189

RS HMEK I A SR
Table 5  Attribute values of gray scale

symbiosis matrix of outer ring

FEIE R
/(%) : -
PONEA: S iPS €3 e [Fl e vk
0 7.2229  0.0527 0.8393 0.923 4
45 7.809 8 0.0413 0.829 4 0.916 4
90 6.633 1 0.060 9 0.849 2 0.9270
135 7.8350 0.042 1 0.828 7 0.916 1
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Table 6 Average fault identification rate of

different data sets

pieiE =S P/ %
A 96.7
B 94.2
c 95.8
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Fig.7 Fault identification confusion matrix of data A
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Table 7 Comparison results of different algorithms

YIZIE  WHKIE VIE 3¢
MR/ % WK/ %  WHAE/s 1] /s
SVM 84.36 79.28 50.57 32.23

DBN 93.17 90.43 39.48 25.44
EHED: 96.25 95.57 30.24 21.16
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