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Fig.1 Flowchart of GAN
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Fig.5 Flow chart of fault diagnosis based on ECGAN
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Tab.1 Basic parameters of the rolling bearing

S5 BAE
i AR VR BR AL 8
A5 17 B 4% /mm 33.48
TR EER B A/ mm 7.94
A1 R R SE /mm 3.048
P B B R F /mm 4.95
g 1
'g 0
<, |
0 0.5 1.0
t/s
(a) IEFEHE

(a) Normal data
|

0 0.5 1.0
t/s

(b) iR A B e

(b) Fault of inner ring

TV
T

t/s
(o) FhAx B b

(c) Fault of outer ring

fa
g 0
<

0 OI.S 1.0
t/'s
(d) Rz
(d) Fault of rolling element
B7  ®ERR AFARESRIAGE S

Fig.7 Vibration signals of rolling bearing for four state modes
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Fig.8 Classification accuracy of different models
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