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Abstract: To address the challenges of data imbalance and difficult feature extraction in fault diagnosis
of wind turbine pitch systems, a fault diagnosis method was proposed based on an improved conditional
generative adversarial network (ICGAN) and a multimodal feature fusion network (MMFNet). Based on
the traditional conditional generative adversarial network (CGAN) architecture, an attention layer was in-
troduced to strengthen the model’s ability to capture key information from input features. An autoregressive
model was adopted to generate random noise, which improved the diversity and authenticity of generated
samples. A reward mechanism was embedded to optimize the model training process and enhance the qual-
ity of generated samples. Based on this, the MMFNet model was constructed to achieve accurate diagnosis
of multiple faults in wind turbine pitch systems. Experimental results demonstrate that the proposed
ICGAN-MMF Net model achieves precision and F1-score above 0. 96, as well as recall above 0. 97 under
various sample quantity ratios. The effectiveness and generalization of the proposed fault diagnosis model
were verified when dealing with imbalanced datasets.
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Fig.6 Comparison of confusion matrices of different models
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Z07 ks 2,3 37 543:1287:85:80
%018 HepE 2,3 15 000:1287:85:80
%09 R 2,3 8000:1287:85:80

W 4 PR A SCHE RS 70 A 0K 1 RE DA
6 b5 v 25 1R T 0.96 5 15 I ASE Y A8 AR S A f) B AR 43
i N B A R 03l R A T L B8 A R Ak B
R RE AR B AR D A IS L . A B — b S (A
1A B 2) rp, SR R R AR R R s > (A
37 543 [ 2 8000) » AN -1y i i A A A 4 B 2 1Y
5 0 B P i (F,=>0.98) 475 4 437 %2 fekt , L 7% 75
ol i AN SF- 5 2% 6 (U e s 1+ 2 Rl 24+ 3)
D BRI R SR AR 3 D (B 14 125 B 34X
80) 5 B JS I ™ 7 2 M, A58 AU X6 /D B (1L A
AT B (E B 4~9 1 F14r 80 & I8 B &
0.96~0.97),

eS| it % (Al 5 F140%
ESN 0.97 0.97 0.97
ESVP 1 1 1
23 1 1 1
ESVI! 0.98 0.97 0.97
ESV 1 0.98 1
%16 0.99 0.99 1
7 0.96 0.97 0.96
Z8 1 0.99 1
ESURY 0.98 0.99 0.99
4 Hi

1) %F ICGAN i i} ARM #5510 F1fin A [ 3 2
72 FEAT ek DT B SRR AR SR B AR ) . B AT
B Pl AL ARM AS W7 0 6 DA A 1 A R 2R
LA I R PR 4 v AR RO I i N 2 R Y R

2)1E MMFNet B8 hofin A B 7 & 0 )2 Dl
o FR AR 2 2T Rl 0, 5% 25 3 B AT A R G TR 0k
Y, ¥ MMFNet # 5 Focal Loss #H 45 4, 3 5&
TR (1 83 B 43 2 B8 T

3) 5 D s S v A fede R AR R s AR e R
AN TR EE B 0] 43 2 AN [R) B 22 461 DA T 46 3 ICG AN -
MMF Net #5 7 A 5] $0 46 AS 1 17 s #5578 i
FEi2Wrae ) B BT iz et Re .
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