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Fig.4 Transmission system schematic
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Fig.6 CNN Validation confusion matrix
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Fig.9 SCGAN generator loss function



%2

PEFT 55 5T SCGAN W45 (1 15 56 b 12 Wy )y vk 363

4 HEEMERE ST
41 ZALEER

I8 F) JL R AL T RS A S T IR A A
)12 1k BE 71 , % B Prognostics and Health Manage-
ment Society (PHM #5343 ) 2009 4F [ x5 3§ (1) 4 £ i
s R 8 A o S R 3 03] D 40 150 Haz B P 5R
T A7 4 s A7 6 X6 A At R R 3] Y 4 o B 1A
BRI T W ORGSR LR 4, BEFRR

x4 HEEPHM HiEENE
Tab.4 PHM data set parameters

K6 BEAZEMEREITLL

Tab.6 Comparison of accuracy between models
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