W’M‘WH@H%@W GRS I G N 48 & 5510

ELECTRONIC MEASUREMENT TECHNOLOGY 2025 4 5 H

DOI:10. 19651/j. cnki. emt. 2517839

ETSHML VMD 5EEFAHE M &/
TEAMEIZ

THKR §ERXT EHEAR
(. EBuMFERe A %K% LiE 201306;2. LARMFREFREESR LiF 201306)

T OE E XU SR A TR 1S W v R R R b A R 2 B 18 T AR R ] R, B R — Rl 3 Rl ) DR A B
(GBK A AL 78 43 K525 43 fif (VMD) 1 55 45 FR 4 25 ) 2% (WDCNND [ 55532 W 07 15 . 8 58, 41 % B8 & 0 vk (BKA) 5
B4 A DRy 30 B P 0 3 A SRR BB L B A SR I R TR 52 L A 5 AR S A BKA i AT Bk vk R R B0 IR
GBKA X VMD S48 38 1 A0 ¢ R BOR AL 4 SO A E S 5 55 ¥ A E S5 A WDCNN BLHY, 528 R 45
Z5, SEALRW AR R 4L b, GBKA # 1t BKA BA 500 F 0068 s 7E P AD 00T L 3% 7 ik 1 1 247 e 4 2 ofe 1 3¢
A3 NI B] 99. 645 %5 F1 99. 97854 , M T HAh X L 7k, I BL7E R 75 S5 v 327 B R TS I 52 0 /DN SR T T SR AR 1 A 5K
PEFI R E M, R A RIS W AR AL T — R TSR R T

KR TREER R BN & M 4% VMD; GBKA B %

FESFES: THI65+.3; TNO XERARIZED . A ERRAEZRSERE: 160

Fault diagnosis for gearbox based on parameter optimization
VMD combined with wide convolutional neural network

Wan Jiacheng' Zeng Xianwen® Li Jingchao®
(1. School of Electrical Engineering, Shanghai Dianji University,Shanghai 201306, China;
2. School of Electronic Information, Shanghai Dianji University,Shanghai 201306, China)

Abstract: A fault diagnosis method based on an improved black winged kite optimization algorithm (GBKA) optimized
variational mode decomposition (VMD) and wide convolutional neural network (WDCNN) is proposed to address the
issue of poor diagnostic performance caused by noise interference and other factors in gearbox fault diagnosis. Firstly,
in response to the shortcomings of the black winged kite algorithm (BKA), which is prone to falling into local optima
and premature convergence, genetic algorithm’s gene crossover recombination and mutation operations are introduced
to improve BKA; secondly, using the improved GBKA to optimize VMD parameters, modal components are screened
through correlation coefficients and the signal is reconstructed; finally, the reconstructed signal is input into the
WDCNN model to achieve fault classification. The results indicate that GBKA has better optimization performance
compared to BKA in the test function; under two operating conditions, the average fault classification accuracy of this
method reached 99. 645% and 99. 978% , which is superior to other comparative methods. In addition, it was less
affected by noise in the noise experiment, verifying the effectiveness and stability of the proposed model and providing
a reliable solution for gearbox fault diagnosis.
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Fig. 1 Test results of three optimization algorithms on four test functions
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Table 1 Indicators of different optimization algorithms on four test functions
e I PR 1 3 b K 2 i b K 3 I PR K 4
Bk Y {H b 22 P{H P i 2 H{H PrifE 2 P{H i 22

OOA 5.668 4X10" 7.190 4X10° 1.617 1X10" 2.894 2X10° 9.242 6X10° 3.389 3X 10" 6.854 5X10* 8.546 9X 10"
BKA 1.169 3X10" 1. 158 9X 10" 1.892 3X10% 2.721 7X10° 7.572 1X10* 4.883 9X 10" 6.629 0X10* 8.240 6X10°
GBKA 3.412 8X10° 1.003 5X 10" 5.254 0X10* 3.980 7X 10" 5.950 9X 10> 2.513 3X10" 6.054 9X10* 1. 672 6X10°
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Table 2 WDCNN structure parameters
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Table 3 Fault data information
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Fig. 3 Original fault signal of surface wear
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Table 4 Correlation coefficients of various modal components
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Table 5 Average accuracy and standard deviation of different

fault diagnosis methods on A/B operating conditions
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