LIS

“pEsE

Ll

ELECTRONIC MEASUREMENT TECHNOLOGY

B o R Fa9 & 1LY

2026 4 6 H

DOI:10. 19651/j. cnki. emt. 2520222

T WSSA-VMD 5 ii# Swin Transformer HJ
AL | 75 o0 f fE de -

KER E40 FEE KO
(MEFHEXFAHLE LR TAZFRE @K 014010)

OB BEO R ST A I Uy R A A M RIS T U R 7 B T e AR A RS R L 4R — R T WSSA-
VMD 5 ¥k Swin Transformer B 75 SCHC A ML AL ¥ 5, $2 ) — il g 5 i 400 010 £ 550 05 1) JFR 48 18 0L (WSSAD
FAT B 38 B AL 28 43 B35 43 i (VMD) 19 DG 8 2 550, LA R T X JRUAA 7 S0 5 9 B R 1 A 5 DG o, R IRUUE 4B VMID 43 i /5
A RS o) i o R AR S, O R G e s S X O R B PR AR D R B RR A A B M — A 0 Y Swiin
Transformer BEAY , 3 52 51 A BRI B 3 BE R (CBAMD I 5% HI 2 05 R — 4 77 36 45 46 st U — A )2, DA% o 455 20 1) 465 fiF
PEMRE ) SN AR E P . SCHR A R AR 7 $R 8 20 (9 SRR A< G5 51 97. 9300 . A AL RE 8 A7 28 U 7 0 i R il e s
JEBL Rz AP RE

KGR KL s ZE AL 5 VMD; X B0t IR 1% PR 5 e A6

MESES: TP391; TN 7 XEIRIRE: A ERFEFHSERB: 5104030

Research on fault detection of acoustic signals of wind turbine blades
based on WSSA-VMD and improved Swin Transformer

Li Zhonghu Zhang Fei

(School of Automation and Electrical Engineering, Inner Mongolia University of Science and Technology,Baotou 014010, China)

Zhang Rongrong Wang Jinming

Abstract: In response to the shortcomings of traditional fault detection methods in terms of deployment difficulty,
environmental anti-interference capability, and early fault sensitivity, this paper proposes a voiceprint fault detection
model based on WSSA-VMD and the improved Swin Transformer. First. a sparrow search algorithm integrated with
the whale optimization algorithm (WSSA) is introduced to adaptively optimize the key parameters of variational mode
decomposition (VMD), thereby enhancing the denoising performance of the original acoustic signals. Next, the
effective intrinsic mode functions obtained from the optimized VMD are selected to reconstruct the signal, which is then
converted into Log-Mel spectrograms to serve as high-quality feature inputs. Finally, an improved Swin Transformer
model is constructed by incorporating the convolutional block attention module (CBAM) and replacing the original
normalization layer with a root mean square normalization method, so as to strengthen the model’s feature extraction
capability and training stability. Experimental results demonstrate that the proposed model achieves an overall accuracy
of 97.93% ., effectively identifying incipient blade faults while exhibiting strong generalization performance.
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Table 6 Ablation study results
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Table 7 Comparison of test results %
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