H38E HI10W HL T 5 AR 2 4R Vol.38 No. 10
- 244 JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2024 4F 10 A

DOLI: 10. 13382/j. jemi. B2407480

REEHIR THRB MRS %

gy A& &l
(122N TR TRSEE TR 22 73005032, 22 M PR TR H A Toll i B Sk i 8 5 S0 b 3
220 73005033, 2Z MR T R2FE R PR RS EG TRLKRHA PO 2 730050)

T EXRZE PSR SR ORI R 2 R AR B N P A 5 B R I W AR 22 1 TR R 38 0 T — RO A8 T 19
BRSO . 50 R B IR Y — 4R 5 5 S A0 g 4 i R S A 5 LR et T HEXT R 2 R
JERFIE SR BB R IS 1R RUBE A5 FR AN ZS TR AS TR S5 - AT RRAE SRR, B — 30 2 R fiF e 5 380 S5 45 25 ) P 1 2 B Mg 7 F
W JEE AR G54 5 B2 , DR ) = B R AR AR Bk A BT 38 18 7 B USRS S Iz 388 3 25 ARURIR S 3591 A 32 %o 5%
R T AN OCEE O B REAE A TR AL ; ARG T T IR W 43 B B A ( DSC ) 25 FE R 2 2544, £ PR UE I 45 8 1 Ak 1Y) TR) B 384 o 4% 22
P28 A REAE A, B S TR BR AR UAL T S BB BE s S5, R FH A a5UH0 % R 5O 49 A [7] i 555 288 531 190 B 2 P R R Y ) 2 >
SRR AT BE et AN ST OO0 40 o R P S T BT VG i A 2 Tl R S50 8 AN A 52 56 B3OHR 4 S 00 BOHIE , 25 SRR W R U ik
TEATF R ERAR T BRI W e o S i oy, R AL R I s IR A B A P e Mg

KGR BR  BURIS W Al R IR ; 85 AR AR 25 45 s AR R LR

hES#S . TH133.3;TN911. 7 XHERFRIRAG: A E RErEF R ER D 460. 2020

Fault diagnosis method for lightweight bearings under unbalanced data
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Abstract:To address the problem of poor bearing fault diagnosis due to the large amount of deep network feature parameters and the
unbalanced number of fault category samples, this paper proposes a lightweight bearing fault diagnosis method under unbalanced data.
Firstly, the one-dimensional vibration signals collected by the sensors are reconstructed into a two-dimensional grey scale map as model
input. Secondly, an asymmetric multi-scale feature extraction module is designed to exiract features from the input signal using
convolution and null convolution at different scales, and a part of the features are mapped to the original space for removing noise and
restoring the original data structure. Next, the extracted rich feature information is fed to the channel position bi-weighting module to bi-
directionally weight the key channel and key position features using inverse channel convolution and local averaging. Then, a depthwise
separable convolution (DSC) dense residual structure is designed to increase the feature fusion of each layer of the network while keeping
the network lightweight and optimize the backpropagation performance through shortcut paths. Finally, the focal loss function is used to
adjust the learning process of the model according to the importance of different fault categories, thus better adapting to the unbalanced
data distribution.
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Fig. 1 Structure of the proposed methodology
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Fig. 2  Structure of asymmetric multi-scale feature extraction module
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Fig.3  Channel position dual weighting module structure
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