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Tab.1 Sample division under different blade status
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Tab.3 The diagnostic accuracies of the proposed method

using various key hyperparameters
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Tab.4 Parameters setting of DWCVAE-DFL network
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Tab.5 Diagnostic accuracy of different methods %
o N #5155 L A5 PN
RS 100:80 100:50 100:30 100: 20 100:10 100:5 FHBATIE /s
CVAE-DFL 99.01+£0.45 98.964+0.51 96.92+0.85 95.62+0.39 94.37+0.94 91.36+1.37 109.12
CVAE-FL 98.54+0.72 97.334+1.37 95.89+1.73 94.13+0.20 90.32+0.84 86.03+0.65 95.41
CVAE-DCE 97.83+0.77 96.584+0.31 94.34+0.55 92.09+0.79 89.01+0.84 83.98+1.11 101.35
CVAE 98.08+1.02 93.194+0.82 89.79+0.95 87.01+0.88 80.23+2.34 73.23+2.60 84.46
SMOTE-SVM 88.53+242 84.38+3.66 80.61+7.94 76.53+7.82 73.72+9.58 65.59+11.51 89.78
CVAE-GAN® 98.91+0.21 97.824+0.89 95.48+0.25 93.91+0.51 91.37+0.29 89.18+1.91 110.69
ADASYS-GBDTY 95.724+1.05 94.36+0.18 94.37+0.98 91.194+2.54 89.65+0.95 90.09+1.09 118.46
ACGANU 94.69+1.38 93.954+0.39 93.73+0.54 92.55+1.30 91.23+0.40 86.79+2.48 121.39
A OFIL T i 99.88+0.15 99.564+0.10 97.67+0.55 96.724+0.39 95.97+0.84 92.96+1.08 86.75
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Fig.9 Confusion matrix of diagnostic results of different

methods under various imbalanced ratios
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