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Rolling bearing fault diagnosisusing deep neural network

PENG Binsen, XIA Hong, WANG Zhichao, ZHU Shaomin, YANG Bo, ZHANG Jiyu

(Fundamental Science on Nuclear Safety and Simulation Technology Laboratory (Harbin Engineering University ) , Harbin 150001, China)

Abstract; To diagnose the fault types of rolling bearings, thereby improving the safety of the equipment, an
intelligent fault diagnosis method based on deep residual neural network was proposed. The multi-sensor fusion
technology was used to improve the deep residual neural network, so that the recognition accuracy and robustness of
the diagnosis model could be further improved. Firstly, through multi-sensor technology, the rich information of the
equipment operating state was obtained, and then the primary features of the original vibration signal were extracted
by short-time Fourier transform. Finally, the powerful learning ability of the deep residual network was used to
further extract the advanced features from the primary features and identify the types of faults, thus achieving the
rolling bearing fault diagnosis. The experimental data of rolling bearing were used to verify the effectiveness of the
proposed method, and deep convolution neural network-based method and single sensor-based method were taken as
contrast methods to test the same dataset. Results show that the proposed method could not only accurately identify
faults, but also had good generalization ability and anti-noise ability. The fault diagnosis accuracy reached 100% ,
and when single or multiple sensors were affected by strong noise, the diagnostic accuracy was at least 93. 78% and
82.54% respectively.

Keywords: rolling bearing; fault diagnosis; multi-sensor technology; deep residual neural network ( DRNN) ;
short-time fourier transform ( STFT)
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Fig.1 Schematic diagram of residual network
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Fig.2 Training process of neural network
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Fig.3 Fault diagnosis process for rolling bearing
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Tab. 1 Fault types and encoding

Wows gk EOREE S W fas BOREE
He HP  #%/in  §i% el HP #/in 18
0 - 1 0.014 21
1
1 - 2 0.021 22
E¥
2 - 3 0.007 23
3 - 4 2 0.014 24
P e
0.007 5 0.021 25
0 0.014 6 0.007 26
0.021 7 3 0.014 27
0.007 8 0.021 28
1 0014 9 0.007 29
N 0.021 10 0 0.014 30
TRER R
0.007 11 0.021 31
2 0.014 12 0.007 32
0.021 13 1 0.014 33
0.007 14 0.021 34
LNE Y
3 0.014 15 0.007 35
0.021 16 2 0.014 36
0.007 17 0.021 37
0 0.014 18 0.007 38
PN P e
0.021 19 3 0.014 39
1 0.007 20 0.021 40
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Fig.5 Time-frequency characteristic spectrum
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Tab.2 Fault sample distribution
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Fig.6  Structure of DRNN-3S
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Tab.3 Parameter setting of DRNN-3S

T I T PN LR
K B
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BRI 3 64 x4 x3 [3x3] x2 64 x2
BRI 4 64 x4 x3 [3x3]x2 64 x2
BRI 5 32 x2 x3 [3x3] x2 128 x2
BREM 6 32 x2 x3 [3x3] x2 128 x2
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Fig.7 Training accuracy curves with iterations
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Fig.8 Loss function value curves with iterations
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Fig.9 Training accuracy curves with different sensor numbers
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Fig. 10  Loss function value curves with different sensor numbers
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BUR, FEAS ] M R 2T, DRNN-3S 55780 g M i 1
It DCNN-3S 247, RIffi{5 0 LIk %8 0 dB B, DRNN-
3S AU REARAS 94% DL E RIS Wi i, Hob e Hof
TRIEAR Sy 32 BN MR RGO N, B2 WokS B 7
99.9% L 1. 4BLHY {2 Woks B2 - F57E 100% B, 1%
JEEF Spi, Sies Spa 5 Z B H AL SNR 23514 8,6,
2 dB, K b X DRNN-3S #ERL 5, 1& 845 1 HT e Ak
TIHER T 1Sy > Sy > S FEFTA (GRS 32 5| M R
TGP AIEOLT AR L T B RS A7 3 M i Yy A
FIPERE A T F %, {0 DRNN-3S #5701 ek 1H 22
Lt DCNN-3S i fa,, 24l S FR B SNR=6 dB A, 15 7
ZWORS BEAE 99% L) I, 11 DCNN-38 #5587 K12 K
Kt N4 83.49% .

%4 DRNN-3S %1 DCNN-3S 18 fy il 45 2
Tab.4 Anti-noise test results of DRNN-3S and DCNN-3S

N [5) f it 32 MR 7 375 RIS R0 B 12 Wl 2

SNR/dB IS S RS Spy EIEAR Spy i A ity

DRNN-3S DCNN-3S DRNN-3S DCNN-3S DRNN-3S DCNN-3S DRNN-3S DCNN-3S
10 1.000 0 0.977 5 1.000 0 0.899 7 1.000 0 0.9922 1.000 0 0.8349
9 1.000 0 0.975 8 1.000 0 0.834 1 1.000 0 0.990 5 1.000 0 0.793 4
8 1.000 0 0.975 8 1.000 0 0.789 1 1.000 0 0.989 6 0.999 1 0.750 2
7 0.999 1 0.970 6 1.000 0 0.739 8 1.000 0 0.9827 0.999 1 0.693 2
6 0.999 1 0.962 0 1.000 0 0.694 0 1.000 0 0.9723 0.9957 0.644 8
5 0.998 3 0.9455 0.999 1 0.6353 1.000 0 0.954 2 0.988 8 0.586 9
4 0.995 7 0.9257 0.995 7 0.609 3 1.000 0 0.934 3 0.974 9 0.5212
3 0.991 4 0.898 9 0.991 4 0.562 7 1.000 0 0.911 8 0.942 1 0.458 9
2 0.980 1 0.850 5 0.978 4 0.503 9 1.000 0 0.8859 0.897 1 0.401 0
1 0.967 2 0.807 3 0.957 6 0.456 4 0.999 1 0.856 5 0.857 4 0.3596
0 0.942 1 0.765 8 0.937 8 0.4105 0.998 3 0.834 1 0.825 4 0.319 8
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Tab.5 Anti-noise test results of single sensor-based model

SNR/dB BRSBTS L
DRNN-DE DRNN-FE DRNN-BA
10 0.968 0 0.998 3 0.767 5
9 0.953 3 0.9939 0.751 1
8 0.944 7 0.990 5 0.72117
7 0.928 3 0.984 4 0.687 1
6 0.905 8 0.9758 0.640 4
5 0.8833 0.962 8 0.599 8
4 0.859 1 0.949 9 0.576 5
3 0.834 1 0.9222 0.5722
2 0.802 9 0.884 2 0.569 6
1 0.759 7 0.825 4 0.576 5
0 0.714 8 0.754 5 0.583 4
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