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o5

X /INGR A5 - SO A R B ) 4% 114 T Sl Al 7K B 12 Ty 1 887

2270 u, AT AL EE F B o FH AE 26 P Squash pR %L B
ARA% 8 0T bR VB, K T A s A% 3 B fis B I &% b L 15
FI I 20 B ) i o, HERGR AR -

sJ:Zc,»/ﬁj“ (1)

u; = Wu, (2)
2
vj: H Sj H - sj (3)
L[ s

o o i AR S A B A R R A R
FH Y R 5 AR P 22T RE S 1 E o R A A I A
BT —2Mar, KE 5 E—)2 K1
JE A B 2 R R A R B R 1, R
Softmax " #i & , HA 1k Logits B&EL b, o 8 3 i 1% 1% 51
J2 3 j (X B 06 M %, Rk 3R

b,

(4)

R — e
c,j—zeh
by=b,+ vu, (5)
FE B — R Bl A R 0 AT A BRSNS 0,4
AR O, 4 3 (5) >k 558 6, B9 (E, DT S 8T ¢, 1Y
{H , 38 2 7 ) AL R 2 — A8 1E s, B9ME , elo2s B s )
v, WA, 38 2o 30 25 el 3k AR A, i 2405 8 — 4 e fE
A R

2 BB TR B 4 R T B R
Wi

TR Bl il R i) A PR 05 58 R B 5 e A AR A7
SN 0, 5 B0 B il RO TN B9 4R B 15 5 8 B 2 B Ak
FENZR T D 1 7873 R I 19 265 1) A 4 B g
T, [a] s e o 228 ) 245 o 5 Ak LR ) 540 A R ]
Sk iR 27 >0 BE D i s, I T A 45K 4 [, AR
SCHR T Bt s AR 4 14 2l b RS T B0 SRR S W
J5 ik, BT 1 SO I 22 RO AR X B A AU B A it
A I I JZE O 5 A T T R PILA S BN g
FOMIS T B0 B (42 W

2.1 ZREFEMREREN

Ry Aol 15 B I 2 DA R IR B 45 5 AR O 2 10 A
FUAE B, I 4 T 15 38 00 28 1 UK AIE 179 30 88, A SC 4
TR 2 RO AE X AR BB LR T
Inception 45 ¥4 , A Lt 385 38 1 %5 FR X o 45 A 10 &
U AEXT R B BUR K — A Xk 1 45 BLUIF ff 1L — A~
X1 AR BRI — A TX ARG R, P 3 19 J a2 Wy
SR R A AR X FR A5 B RE A A% b ek 2D 2 8 i iz
B A 22 A KN 2 B A A A A TR 4 4
X [a] — i A AT 1R A4 X 2 s B o 7 4k B

] 43 B 2R 00 g o AR SRR R X AR B LAY B S, A
IO A7 1) 4 U 2 A B &, AT i — A~ S 3L
BRI, Ho 5 R s AR R A A dn A 3
FiR A — 2 HH IX 1454 ,3X 15 1X3 /)
IR, DA 5X 1 5 1X5 R REREE . HIFATI &M
J2 5% B N e B T AT AN TR RUE 1 R A B R
B E N 16,8,8; 5 2 5X5,3X 31 EH 4
SR 5X 15 1X5,3X 1 5 1X3 3L X fr 4%
L, JF 555 — 2 SR B Sl BRSO 16558 = 2l M
X1 HAE BN 32 B BUZ . 0 T 1 Iinp Al
M AE 2k Pk A AR 1 E A6 BUZR Z )5 L &= b
HEAL T Re LU 3435 ok %R, SR 5 38 8 Concat J2 XA [F]
O3 SRR 4 B BEAT HE S PR O B EEE )
HLH AR AT AS R REAE A5 800 o 2R AR o SR
B 5 A RRAE , 0 T4

TN
IXIX8 | 1X3X8 5X1X8 | 1X5X8
BN+ReLU|BN+ReLU| |BN+ReLU|BN+ReLU
1X1X16]| [sx1x16|1x5%x16| [3x1x16|1x3%16
BN*+ReLU| |pN+ReLU|BN+ReLU| |BN+ReLU|BN+ReLU
1X1X32 1X1X32
BN+ReLU BN+ReLU

ERSIHURIER

B3 2 ROBEAR X Fr 4 AU B

Fig.3 Multi-scale asymmetric convolution module
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Fig.5 Improved convolutional capsule neural network structure
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Tab.4 Training results with different methods
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Tab.5 The comparison results of different methods under

different signal-to-noise ratio

T B 12 Wi fEME L /dB
J7 ik -3 3 6 9
CNN 90.22%  92.69%  94.61%  95.37%
IRB 91.13%  93.24%  96.35%  97.32%
FD-CCN  96.68%  97.03%  98.67%  99.19%
CapsNet  94.97%  96.55%  96.99%  98.16%
AP 97.95% 98.47%  99.19%  99.71%
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Fig.9 Results of different signal-tonoise ratios of the

proposed method
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Tab.6 The comparison of experimental results of fault

diagnosis for variable working conditions
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Tab.7 Gearbox bearing dataset parameters
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HELE D
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Tab.8 The comparison of diagnostic results of each

method
YR 2 I T plER S it 4
CNN 97.33% 95.03%
IRB 98.62% 96.91%
CapsNet 99.18% 98.33%
FD-CCN 99.73% 99.07 %
ARSCTT 99.98% 99.83%
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Fig. 10 Confusion matrix comparisons for different methods
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Tab.9 The comparison results of gearbox bearing dataset

by different methods at each signal-to-noise ratio

W BE 2 fEgE L /dB
DR -3 3 6 9
CNN 91.09%  92.34%  93.99%  95.40%
IRB 92.88%  93.74%  97.03%  97.94%
FD-CCN  96.98%  97.35%  98.97%  99.31%
CapsNet  95.21%  97.07%  97.69%  98.66%
AT 97.63%  98.39%  99.24%  99.83%
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Tab.10 Number of parameters for each diagnostic

method
S W 5 1 Z i /kB FERT /s
CNN 92.6 161
IRB 103.2 159
CapsNet 940.5 185
FD-CCN 206.3 127
A7 ¥ 426.2 118
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Improved convolutional capsule network method for
rolling bearing fault diagnosis

ZHAO Xiao-giang"**, CHAI Jing-xuan'
(1.College of Electrical and Information Engineering, L.anzhou University of Technology, Lanzhou 730050, China;
2.Key Laboratory of Gansu Advanced Control for Industrial Processes, Lanzhou 730050, China; 3.National Experimental
Teaching Center of Electrical and Control Engineering, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: At present, many rolling bearing fault diagnosis methods based on convolutional networks have the disadvantages of
poor diagnosis effect and poor generalization ability under the influence of noise signals and load variations. Aiming at these prob-
lems, an improved convolutional capsule network fault diagnosis method of rolling bearing under variable operating conditions is
proposed. This method designs a multi-scale asymmetric convolution module, in which asymmetric convolution layers of different
scales to extract features from the input data to maximize the extraction of feature information in the data and reduce the number of
parameters effectively. In this module, the channel attention mechanism is introduced to better extract useful channel features and
improve the feature extraction ability of the method in this paper. By improving the fully connected layer in the network to the fully
connected layer of the capsule, the capsule can avoid the loss of characteristic information in the space in the process of outputting
vector feature information. Case Western Reserve University bearing dataset and Southeast University gearbox dataset are used to
verify the diagnostic performance of the proposed method and compare with other deep learning methods. The experimental results

show that the proposed method has a better generalization and performance.
Key words: fault diagnosis;rolling bearing ; capsule network ; asymmetric convolution; feature extraction
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