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Bearing Fault Diagnosis under Variable Working Conditions
with Few Samples Based on ECAProNet Model

WANG Mian, WU Dongsheng, WANG Xiaochen

(Shenyang Ligong University, Shenyang 110159 ,China)

Abstract; For the problem of over-fitting in bearing fault diagnosis under variable working condi-
tions in the case of few samples,a bearing fault diagnosis method ( ECAProNet) with efficient chan-
nel attention mechanism( ECA ) added to the prototype network ( ProNet) is proposed. Based on the
idea of metric learning,the sample signal of the feature extraction module is mapped to the feature
metric space under the framework of the improved prototype network. In this space,the Euclidean
distance between the query sample and various prototypes is determined, and the loss function is ob-
tained to optimize the feature extraction network framework. In order to achieve the purpose of me-
ta-learning , the training strategy based on episodes is used to generalize the algorithm to the test di-
agnosis of different working conditions. The 5-way 5-shot and 5-way 1-shot verification experiments
are set on the CWRU dataset. The results show that ECAProNet has good performance in bearing
fault diagnosis with few samples and variable working conditions.
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Fig.1 Prototypical network classification

schematic diagram
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Fig.3 ECAProNet algorithm block diagram
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Fig.4 Block diagram of ECAProNet fault diagnosis process
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Table 1 Four kinds of working conditions
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Table 3 5-way 5-shot variable working conditions

bearing fault diagnosis results

WETR/ %

1£5%5

Baseline MTL MAML ProNet ECAProNet

A—B 80.83 88.00 85.60 82.76 88.52
A—C 85.41 91.66 90.93 83.05 90. 04
A—D 76.33  92.50 90.53 81.56 86.36
B—A 83.21 77.59 89.06 86.00 90.00
B—C 88.06 75.44 92.53 85.60 89.36
B—D 86.50 90.13 87.60 87.36 91.60
C—A 76.48 77.52 75.61 72.96 81.92
C—B 89.13 88.00 88.38 85.50 92.04
C—D 91.50 90.00 95.20 84.80 92.88
D—A 80.40 80.67 77.12  74.28 82.68
D—B 86.44 88.23 88.24 83.40 86.88
D—C 82.57 80.15 91.28 82.20 84.24

TH i/ W 5/ (r - min~")
A 0 1797
B 735 1772
C 1470 1750
D 2205 1730

#& 4 5-way 1-shot & TR Hli /RS =S HT 45 R
Table 4 5-way 1-shot variable working conditions

bearing fault diagnosis results
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Table 2 Fault types of CRWU
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AL (MTL) 1 X e 928 45 R a3k 3 Rk 4
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T 2% v SCRFAE AR A KRR 08 15 0 mT Ry AR 4 UM
R LT Z YRR E S 3R IS W ERR 5, 5-
way 1-shot fSCEG4E AR 15 R FEAS K A 2 ir vk

A—B 78.58 85.33 83.54 79.64 86.80
A—C 65.10 78.19 83.01 72.32 79.20
A—D 82.88 80.24 82.27 73.52 84.68
B—A 84.26  75.33 82.53 74.80 80.00
B—C 83.49 89.65 87.05 78.84 82.41
B—D 85.05 87.34 79.88 78.74 81.92
C—A 74.65 85.77 71.92 68.80 74.40
C—B 82.57 87.27 88.13 84.72 88.40
C—D 85.20 90.14 91.71  84.68 85.60
D—A 74.15  72.16 75.51 73.64 77.04
D—B 86.96 89.77 83.73  80.40 86. 60

D—C 85.08 84.33 93.21 77.10 79.08
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