A HLI A S5 . 2025, 33(7) S A = Al
e 54 . Computer Measurement & Control lm\u IKEEQBE -V& Ii-ﬁ|

TEHS 1671 - 4598(2025)07 - 0054 —10  DOI:10. 16526/j. cnki. 11-4762/1p. 2025. 07. 007 MESES . THI65. 3 AR :A

H F AugModule 1 LightNet g
AR IS B T AR

%%, B B, u £°, F4%, 5 &
(L St iR (R Fol S iHRML TR, WL 5 071003
2. [ Rt IR BRSBTS 7] RS 211106
8. 6 809 O oL 04T B8 LR EE A28 ] A 230041)

FEE TR 2 N Tl R 12 I I A E R AR BRI TR 5 2 Y TR W U R AT T WS O B s — 4 4 BN
JUREHE AugModule FlE 5 24y 2 P 4% LightNet (8 B2 W 77 5 R STET #4845 19— 4R R Sl {75 5 6 450 o — 4wy 4 121
ItiE A 51 AGE A — b AdaptiveMix SR WGAN " 535 46 47 7 )5 M 50ds 4L v A 8] LightNet W 25 BE4T B8 45 25 5
LightNet 3 F ShufflenetV2 2t , {#i ] Scconv $2 FF4E &, R SMU #3% 5K 80 1C Relu, #2 H Channel rate il Channel
crossing MG JLALPERE, FF BB E > Stage 1Y Block MEFEH . DA MER) R MRCR R B 47 s £ mMi, &%
J5 B AE D T S0 R, L 1 R R R S PR R R

KW RIMK: MBS H: WE¥J: WGAN; LightNet

Bearing Fault Diagnosis Method Based on AugModule and LightNet
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2. State Grid Electric Power Research Institute, Nanjing 211106, China;
3. State Grid Anhui Ultra High Voltage Company, Hefei 230041, China)

Abstract; There are scarce samples and complex models with deep learning being applied in bearing fault diagnosis, this
paper studied and proposed a fault diagnosis method combining the data augmentation module AugModule and the lightweight
classification network LightNet. Short time Fourier transform (STFT) is used to convert one-dimensional vibration signal of
the device into a two-dimensional time-frequency map, introduce spectral normalization and AdaptiveMix improved WGAN to
expand the data set, input the expanded data set into the LightNet network for image classification, and improve the Light-
Net network based on ShufflenetV2 block. Using the Scconv module to improve accuracy, replacing the Relu with the SMU
activation function, proposing the Channel rate and Channel crossing strategies to optimize its performance, and resetting the
number of Block stacks in each Stage to achieve the best balance between accuracy and efficiency. Experimental results show
that the proposed method has higher accuracy and practical engineering significance while reducing the parameters of the
model.
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