%43 % H 1 L ARBEXFFROEZHAF R Vol. 43 No. 1
2024 F 2 A Journal of Shandong University of Science and Technology(Natural Science) Feb. 2024

DOI: 10. 16452/j. cnki. sdkjzk. 2024. 01. 012 XEHS:1672-3767(2024)01-0109-10

JE TR B BT Bt I 4% 1) XUBIL 1A 4 A o Bt 2 1

RAEF, B, HER

(LWAHBRY A58 BFKR.LE F8H 266590)

W ERAMERBEARABRREHZAATORENRS A XA A REERARLZ R, T 0 50
AR, AR R A THEARERERT R M A G R EEHRES Y 5k, AR MELATHER
BAR A R AT AT P 5 A AR AR R R AR AL R R AR W & e R AR A A R 35 R AR R 18] 0 B A 4B Kb 4 B Wasser-
stein BB S EEN AR A A B, FAIFFETRIBRAERBE PR RGERGZES., RE. 4
SAFEHARABREA RHATHRELRABBENWHEL Y 5%, FAELAOXLEL N, RE.AARD R
AR RAHAE R IR R B RS R B R B 7 ke s, SRE TR T FRBH LT AR EHRK
PEAR Bt —F 3R G UG R R ST e R

KGR ¥ FE 5 W7 s AU 648 5 2 AR 30 ) 455 18 3R 6 AR W 45 5 BF R 4 %,

hE4ES . TP277 XHEFRER A

Fault diagnosis for wind turbine gearbox based on

recurrent convolutional generative adversarial network
ZHAO Chengli, ZHANG Lu, ZHONG Maiying

(College of Electrical Engineering and Automation, Shandong University of Science and Technology , Qingdao 266590, China)

Abstract: Wind turbine gearbox is a key part of the wind turbine transmission system, but its faults are relatively
random and the number of fault samples is insufficient, which seriously affect the accuracy of fault diagnosis. To
solve this problem, a fault diagnosis method based on recurrent convolutional generative adversarial network was
proposed in this paper. First, a sample generation model based on recurrent convolutional generative adversarial
network was constructed, in which convolutional networks and recurrent networks were used as generators to
enhance the temporal correlation between samples. Wasserstein distance and gradient penalty terms were introduced
to improve the objective function and the game confrontation mechanism was used to optimize the generator and
discriminator so that the generalization ability of the model could be strengthened. Then a fault diagnosis method
based on stacked denoising autoencoder was designed by combining real samples and generated samples to realize the
fault diagnosis of gearbox. Finally, the performance of the proposed fault diagnosis method was verified by the data
set from the wind turbine transmission system. The results show that the proposed method can effectively balance
the fault sample data set, which further improves the fault diagnosis accuracy of the wind turbine gearbox.
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Fig. 2 Architecture of fault diagnosis method based on WRCGAN-GP
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1o 4% )2 S 1 3 3 BB R P2S B s R)
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SERR 2 - - — 1
A - — -
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HBRE1 16 (5.5) 1 (28.28.16)
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Table 3 Network architecture of SDAE
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Fig. 8 Changes in loss value
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Fig. 10 Comparison of visualization results before and after data enhancement
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Table 4 Comparison of evaluation indicators
PEH 46 bR e 3/ %6
Tk
G ean F, AUC
WGAN-SDAE 0 46. 18 80. 08
WGAN-GP-SDAE 0 46.02 85. 67
WCGAN-GP-SDAE 95. 84 96.01 99.73
RF 96. 10 96. 37 99. 94
CNN 0 27.16 55.27
WRCGAN-GP-SDAE 98.79 98. 80 99.93
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Fig. 11 Comparison of ROC curve results
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Table 5 Comparison of fault classification accuracy
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EH {7375y W 145 W JE 4
WGAN-SDAE 54.0 100. 0 0 11.0 92.0
WGAN-GP-SDAE 100. 0 7.0 48.0 0 100. 0
WCGAN-GP-SDAE 100. 0 86.0 95.0 100. 0 99.0
RF 100. 0 82.0 100. 0 100. 0 100. 0
CNN 100. 0 0 0 0 93.0
WRCGAN-GP-SDAE 100.0 98.0 99.0 100.0 97.0
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