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Fig. 1 Residual structure
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Table 1 Information of deep residual hedging network
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Fig.4 Hedging processes results
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Fig. 7 Test results of 10 trials on Cifar-10 data set
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Table 2 Final test results of Cifar-10 data set
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Fig. 8 Vibration signal sampling
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Table 3 Sample information of data set

FEA
R AS T %%

I g e HUURENE S
¥ 1 1148 492
] 2 1230 528
Wik 3 1230 528
Sl 4 925 396

Bl 10 ks 2kgh

Fig. 10  Fault classification results
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Table 4 Comparison of model convergence accuracy

[ERE A W SORS BE/ 70 AR B
CNN 98. 64 82
Alexnet 99. 36 67
Resnet18 99. 62 16
Resnet34 100. 00 14
DResHnet 100. 00 9
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A 2% U 84 3 i R 12 . DResHnet il Resnet34
BRLVR B MR SAORS B 38 8] T 100. 00% , H DResH-
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ANTEM XA F DResHnet % Resnetl8 #1 Res-
net34 LEIKF] 99 VoA BE i i 4 i = b
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Fig. 11 Fault classification test results
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Table S Case western reserve university data test result information

7 ik L 45 5L 51 o WL
B HLSTK 2 HLSK 3 LK %
CNN 1 486 2 3 1 98. 8
2 3 522 1 2 98.9
3 4 1 521 2 98.7
4 0 2 2 392 99.0
Alexnet 1 492 0 0 0 100. 0
2 1 523 2 2 99.1
3 0 0 526 2 99.6
4 5 0 1 393 99.2
Resnetl8 1 492 0 0 0 100.0
2 1 526 0 1 99. 6
3 0 2 525 1 99. 4
4 2 0 0 394 99.5
Resnet34 1 492 0 0 0 100. 0
2 0 528 0 0 100. 0
3 0 0 528 0 100.0
4 0 0 0 396 100.0
DResHnet 1 492 0 0 0 100. 0
2 0 528 0 0 100.0
3 0 0 528 0 100. 0
4 0 0 0 396 100. 0
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Fig. 12 Acro-engine rotor tester

P13 R Sl i e A Ao

Fig. 13 Fault positions of rolling bearing
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Fig. 14 Experimental data fault diagnosis test accuracy
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Table 6 Comparison of acro-engine rotor bear fault

diagnosis test accuracy

AR AT R 2
W7 e A ) o A

2 Wy I A AL B it — 2P

I ik W E/ V4 5 4 ik
L‘NNHF/%@ 92'“_‘4 P T — B A TR OB B 25 X b i ) 4%
w s (DResFnet) A 43 T 7 41 19 44 1) 35 A< 508 25
i o5 32 Fig. e FLI FH T R 2 W 1 o R
Resnetl8 97.56 Pl FET %1%‘5@)3 'f'{:L/FJﬁ EﬁﬁUA ﬁﬁa?)\j‘j
Resnet3d 98.43 B A B 0 ok AR . 7E b B AR N R S HLAIL
DRestler 0 I3 S 50 KOHE 4 b T R A R B T A
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Table 7 Test result information
Jrik ETES A — : — WL
ELSERG 1 ELSA ) 2 ELSAH) 3 ELSAH) 4 %

CNN'z! 1 1442 13 24 96. 0

2 13 989 21 11 95.6

3 9 976 19 94.9

4 22 15 982 94. 6
Resnet18 1 1442 16 18 96. 8

2 5 1044 12 8 97.7

3 6 1049 9 97.6

4 9 15 1021 96.7
Resnet34 1 1461 12 11 98.1

2 2 1057 6 4 98.9

3 7 1049 11 97.6

4 0 3 1051 99.5
DResHnet 1 1490 0 0 100. 0

2 0 1069 0 0 100. 0

3 0 1075 0 100. 0

4 0 0 1056 100. 0

ZW e HE . XBEFE 4 IEH T DResHnet B A %
e DO B 5 s R A WAL S T R L R B I 4%
EARH R =

2 % x M
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Deep residual hedging network and its application in
fault diagnosis of rolling bearings

KANG Yuxiang' , CHEN Guo'* * , WEI Xunkai?, ZHOU Lei®

1. College of Civil Aviation, Nanjing University of Aeronautics and Astronautics » Nanjing 210016, China

2. Beijing Aeronautical Engineering Technical Research Center , Beijing 100076, China

Abstract: A new depth residual hedging network model is proposed, in which, with the help of Inception stacking idea, a
stacked convolution hedging structural block was proposed to accelerate the convergence speed of the network, and a new
identity mapping block is designed to realize the residual connection between the input layer and the middle layer. Moreo-
ver, the follow-up Squash function is introduced in the full connection layer to prevent the divergence of loss gradient. The
depth residual offset network is applied to the fault diagnosis of the rolling bearing. In the preprocessing. the frequency
spectrum of the vibration acceleration signal of the rolling bearing is directly taken as the input of the network, thus, simplify-
ing the preprocessing of the data. Finally, two sets of actual rolling bearing failure data are used for methods validation, and
to be compared with 18 Layer Residual Networks Deep Residual Networks (Resnet18), Convolutional Neural Networks
(CNN) and other verification methods. The results show that of the depth of residual hedge network test accuracy of the
model proposed is estimated at 2% more than other models, and training time can be shortened to one third, which fully sug-

gests that the method has strong robustness and fast convergence rate.

Keywords: deep learning; residual network; hedge structure; Squash functions; rolling bearing; fault diagnosis
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