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Fig.5 Optimized deep residual network model
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Tab.1 Fault sample distribution of rolling bearing
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4 S Bl o 200/50
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8 R LI Gy s 200/50
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Pooling-3 [2,1,64] 128 64
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BWiERE . BT IR SCR IR R AR SO AR — R B
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Fig.8 Loss rate of the model with different width of the first

layer convolution kernel
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Tab.3 Influence of the width of the first layer convolution

kernel on identification accuracy
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Fig. 9 Loss rate of model with different learning rate
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Tab.4 Influence of learning rate on identification accuracy

7 R YU ERR 5/
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SEUS YT A, SR A5 R W E 10 s o

10 AT, FEfR M ol — 4~4 dB IR BE T,
AR SRS R 1) S R B B R Y R e . LR AR
W LY Sy — 4 dB Y 5 I PR PRI v, AR SO R Y A 7
B 5 B R N A R A 3 92.71 % R B, CL, D, E Al
F 7+ %~ 90.67%, 82.22%, 80.27% , 85.78% Hl
83.29 %6 , ML AY A b 5 Xt Fb AR Y A 5 500 o B R il
W 2.04%,10.49%,12.44% ,6.93% H1 9.42% ; 78 {55
W LY Sk — 2 dB 1 M R T A AR TR (1 B )
YE R 1 18 T 90 06 , L rh AR ST B AR R 1R 1) o i R
9 98.22% , It fi = #Y ResNet & 0.58% , L 5% 1% 9
VGG16 5 6.75% ; 4175 M Lt 2 4 dB ], 6 Fl 850 7Y (1
e TR ) o AR SR A AR 99 %6 LA b AR SRR R kg R 1) o
B R AR AR B v, 38 31 100 %% o

100 |

< 96

M o92t

£

€ L ——A

T g4t )
—o—%

80 7 ; i ; i
—4 2 0 2 4

fEHELL / dB
P10 AN TR B A 7 BRI T 4 S0l e Affy 36
Fig. 10 Identification accuracy of different models in noisy

environment
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Optimized deep residual network and its application in fault diagnosis of

rolling bearing under the strong noise condition

LEI Chun-1i"*, XIA Ben-feng"*, XUE Lin-lin"*, JIAO Meng-zuan'*, ZHANG Hu-qiang"*
(1.School of Mechanical and Electronical Engineering, Lanzhou University of Technology, Lanzhou 730050, China;
2.Key Laboratory of Digital Manufacturing Technology and Application, Ministry of Education,

Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: Aiming at the problems of poor anti-noise performance and high computational complexity in the traditional fault diagno-
sis method based on deep learning, a rolling bearing fault diagnosis method based on optimized deep residual networks (ResNet) is
proposed. The one-dimensional vibration of the rolling bearing is transformed into frequency domain by fast Fourier transform
(FFT). The DS-ResNet model is constructed by replacing the standard convolution layer of the traditional deep residual network
(ResNet) with the depthwise separable convolution (DSC) which has low computational complexity and the pointwise convolution
(PWC) which can enhance the nonlinear expression of the network. The frequency domain signals in various fault states are used
as the input of DS-ResNet model for identification and classification. The results show that the recognition accuracy reaches
92.71% in a strong noise environment with a signal-to-noise ratio of —4 dB, and the average recognition accuracy reaches 90.19 %
under variable speed conditions, which is higher than other commonly used deep learning diagnosis methods, and the training time
of the model takes only 2.16 s per round, which proves that the proposed method has better noise immunity, generalization perfor-

mance and faster diagnosis efficiency.
Key words: fault diagnosis;rolling bearing ;depthwise separable convolution;deep residual networks; fast Fourier transform
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