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Fig. 1 AlexNet model structure diagram
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Fig. 4 The variable trend graph of different parameters
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Tab.3 The fault diagnosis accuracy of different methods

%

RS fifro il AR 2 3
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SVM+EMD 19. 07 23.76 22. 54 19. 60
Lenet-5 90. 33 92. 40 92.55 88. 64
AWF5E T 92.51 95.16 95.15 91.02

B3 AT LA 2], fE A B I oL T . BT
BPNN+EMD F14LF SVM+ EMD [ A T 4R 1iF 2
W7 3 1 3 2 A 2R 04 SF- 35 {4 i S 37, 3%,
21. 3% 247 s KRKAE T3 F Lenet-5 FIA W52 J5 1
T VR B 2 91, 0% F1 93.5% . A #E S
00 i . 2 T EEMD $EAT 15 5 i BRAE 42 B (H
K HIE B R E EMD ) 100 2 4%, X X K B2
W £ VR B Bt Al R R SR RS R 1Y

TEVR Sl R 1 S B 00, AN A 67 far A2t
AR T HLE AL B AN B DR 3R AR Y A B
THREE . X, B F AR 2 (29 F= (30D FEAN [R] 7
of FR SR IR N5 S X e hoin gk — 2 5 e 1
R WS Xy G S X RFRIESNHIK
TE 5 MR RS AR 7 faf 1) SE B 00 R IR S5 5 R A
W58 7 ML T Lenet-5 B J5 5 XF S2 b T0L R iR 56
BRI i2 Wi AR E AT X HL L S5 R AN SR 4 PR

RZlOlog(X/TE/XN) (29)
X=X + Xy (30)
£4 FEHEXS X0 HLWAERE

Tab.4 The diagnosis accuracy for X with different methods

%
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Fig. 5 The histogram of test results under different

training samples with two different methods
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Fig. 6 The confusion matrix diagram of test results for

O

the proposed method
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