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Abstract: Aiming at the problem of few samples in the fault diagnosis of rotating machinery, a fault
diagnosis method for planetary gearboxes based on a diffusion model is proposed. The time—frequency
diagrams of fault samples are used as the representation of fault features for fault classification. Firstly, the
continuous wavelet transform is used to convert the one—dimensional vibration signals of the gearbox into

time—{requency diagrams as training samples. Secondly, the diffusion model is optimized and improved to
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enable it to fully learn the fault features of the training samples and generate high—quality fault samples.

Finally, a classifier based on a dense convolutional network is constructed, which combines the attention

mechanism to enhance the performance of the classifier. The performance of the classifier is tested using a

test set containing multiple fault types. The results show that the diagnostic accuracy of the proposed

method is close to that under the condition of sufficient samples, reaching over 99% , and experimental

comparisons with existing methods have been carried out. In addition, ablation experiments on the

optimization settings of the wavelet transform method and the classifier are conducted to verify their

effectiveness.
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Table 2 Planetary gearbox parameters
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S H{H 49.894 7 0.186 1 0.144 8

N T VEAR A SR AR DG R 2 A
fdt ] FID F1 MMD 55 PFAN 48 A5 PP Al A 8] 5 75 28 B
FIREA & . 5 FID Fl MMD SF ¥ 18, 3¢ 551
W TR 25 R . FTRAE W AR SO ik A R A A
2 F GANs 8 FID fil MMD 3545 T 42/ i 15
4% FID V#7158 43 49. 89, MMD - #7158 43 0. 145,
U WY B O A 5 At T VR A L, B S A
2 REAR 3 AT (I RE T, A URE A T o T
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Table 5 Sample quality generated by different methods

o5 FID MMD
WGAN-GP 150.21 0.214
AVAEGAN'" 113.41 0.181
UDWGAN" 70.21 0.148
AR CTT 49.89 0.145
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3.3.1  ANIRIFEA B T 2 Wi

B — JE R 16 B 40 A4S FLSEREAR | 43 U
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R 150, BEAh st AR £ i Y i o 1000, DL S
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Fig. 9 Training loss curves under different
mixing ratios
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B

R T 2D AR ST AR R A X A R 12 W M fE 1Y
FEMR G0 5% T 40 FSEAE A RN 20,40.,60.80
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(a)~(d) 7, /T LAE H 7E0) 46 B Be GR & 204
Az UREAR IR ) AR B o3 2R M RE BRI, B 3 AR R
AR B I 2 40 A4S AL PR RE 3 ST, B R )
BB AR L D R, 24 AR R A ) R

R6 FRBEHFILHAER

Table 6 Diagnosis results of different sample sizes

RO ERFR WA
R M it e
1 40 0 1 000 98.074
2 40 20 1 000 98.872
3 40 40 1 000 99.240
4 40 60 1 000 99.120
5 40 80 1 000 99.370
6 30 0 1 000 96.748
7 30 20 1 000 97.300
8 30 40 1 000 98.466
9 30 60 1 000 98.108
10 30 80 1 000 99.098
11 20 0 1 000 96.072
12 20 20 1 000 98.216
13 20 40 1 000 96.962
14 20 60 1 000 96.902
15 20 80 1 000 98.228
16 10 0 1 000 89.666
17 10 20 1 000 94.192
18 10 40 1 000 96.404
19 10 60 1 000 96.066
20 10 80 1 000 97.354

4k 22 189 0 2 60 F1 80 AN B, 4R B 4 A 41 T TR
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Fig. 10 Confusion matrix of diagnostic results for

samples with different proportions
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Table 7 Values of different evaluation indicators

A% KR PRI S Specificity
1 0.996 0.999 0.999
2 0.996 0.999 0.999
3 0.998 0.98 1.0
4 0.984 0.996 0.996
5 1.0 1.0 1.0
3.3.2 A2 W T v Re o

B R B DN /AP €7 TR S L NS GRS
5 DenseNet, SE-DenseNet, ResNeXt, ResNet &
FoiE R 4 ) Bk AT SE R X L . & OT A S
Kk E R 8 R, A LU AR SO vk 2 5cE A
It ResNet I 7> 70% LA I, 3F H EMA #5 B Y 3%
0. 12 Mb Z: %0k . 25 i B8 A 25 1 2%, it
TOR/NBEE N 32,5 ) RBLE N 0.000 1. Ik
B 5 28 W I Y L SRR AR 5 2R R A A R L 51
40/0,40/20,40/40.40/60.,40/80, Yl Zx L ¥R 1% &
150, ML REA S 1000,
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Table 8 Hyperparameter settings for different models

] ERES LKA SHE/Mb
Res Net 0.000 1 32 25.6
ResNeXt 0.000 1 32 25
Dense Net 0.000 1 32 7.98
SE-Dense Net 0.000 1 32 8.2
ATy 0.000 1 32 8.1
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Fig. 11 Classification accuracy of different methods
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Fig. 12 Visualization of /~SNE output from the last

layer of model
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