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Bearing fault diagnosis under few-shot and variable working conditions
using SE-ResNet and Meta-Transfer learning

LIU Zhen, PENG Zhenrui, WANG Shengjie
(School of Mechanical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: Traditional bearing fault diagnosis methods often suffer from low accuracy and weak model generalization under varying working
conditions due to diverse sample distributions, scarcity of fault samples, and limited feature extraction capabilities of some few-shot learning
algorithms. To address these challenges, this paper proposes a novel method for variable condition bearing fault diagnosis that combines a
squeeze-and-excitation residual network (SE-ResNet) with meta-transfer learning (MTL). One-dimensional bearing vibration signals collected
under different working conditions are converted into time-frequency images using continuous wavelet transform (CWT), thereby transforming
the bearing fault diagnosis task into an image recognition problem. A squeeze-and-excitation (SE) attention mechanism is introduced to
construct an SE-ResNet backbone network model. This focuses on more effective feature channels, thereby enhancing feature extraction and
representation capabilities. Leveraging the advantages of transfer learning (which provides robust initial deep network parameters) and meta-
learning (which enables rapid adaptation), the model undergoes sequential pre-training and meta-transfer training. This process yields a high-
precision meta-transfer network that can be fine-tuned with only a small number of samples, ultimately achieving accurate bearing fault
diagnosis under variable working conditions. The proposed method is validated using two benchmark datasets and a bearing fault simulation test
bench developed in the laboratory. Comparative analysis with other methods demonstrates that the proposed method exhibits higher recognition

accuracy and superior generalization performance for bearing fault diagnosis under both few-shot and variable working conditions.
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Fig. 8 Bearing original signal and time-frequency diagrams
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Tab.2 Recognition accuracies of the proposed method under
different working conditions
‘ PUIRER /%
Jiik C-Z C-A C-B AG
PRI - TREA 92.82 97.41 99.00 96.41
BT B-5hEA 95.96 98.40 99.48 97.95
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STFT ¥ 45 o — 4 W& A S B8 4 A, iC y STFT-
MTL. HARSH0 & 5 A S0 A ), 25 #5570 7
A T] T 54 AR R0 i R ] 9 ff s o

100

WERZ ) %

80 -

70
C-Z C-A C-B AG

FAR - 1REAR 92.82%  97.41%  99.00% 96.41%
R E-SREAR 95.96%  98.40%  99.48%  97.95%
ResNet-MTF-1FE4AX 92.70%  95.80% 98.60%  95.70%
ResNet-MTF-5FEA 95.14%  96.88%  99.58%  97.20%
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Fig. 9 Recognition accuracies of each model under different

combinations of working conditions
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Fig. 10 Bearing test bench of PU dataset
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Tab.3 Working conditions setting of PU dataset
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Tab.4 Recognition accuracies of the proposed method under

different working conditions

ik THIAERR /%
D-E D-F AG
FrH - 1REAR 97.15 86.87 92.01
BT ik-SREAR 98.92 89.23 94.08
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Fig. 13 Recognition accuracies of each model under different

combinations of working conditions
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Tab. 6 Data distribution difference between working condition

I and other working conditions

TBL ShEE R RSAEE ERORE PR

H 0.1757 0.0883 0.1893 0.2571 0.1776
J 0.4221 0.2337 0.1624 0.2894  0.2769
K 0.0314 0.1234 0.1768 0.0358  0.0919
L 0.1516 0.0336 0.0243 0.2312  0.1102
M 0.4156 0.2093 0.1675 0.3874  0.2950
N 0.6273 0.4788 0.2746 0.3220  0.4257
O 0.6221 0.4821 0.3048 0.3063  0.4288
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Fig. 17 Recognition accuracies of the proposed method under
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Fig. 19 Recognition accuracies of each model under different combinations of working conditions
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