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Domain-adversarial Statistical Enhancement for Cross-domain Fault Diagnosis

ZHU Yuhao' ,ZHANG Songzhao' and ZHANG Yong'*

1 School of Information Engineering, Huzhou University, Huzhou, Zhejiang 313000, China

2 School of Computer & Information Technology,Liaoning Normal University,Dalian, Liaoning 116081, China
Abstract Fault diagnosis is of great importance in ensuring the safe and stable operation of large-scale mechanical equipment.
However, the obtained data often suffer from severe label shortages or lack of labels,and the data distribution varies significantly
at different operating conditions. Traditional machine learning or {ine-tuning methods have limitations in feature extraction,with a
single pattern and fixed perspective.making it difficult to align features of the same class but different domains. To address these
issues, this paper proposes a domain-adversarial statistical enhancement-based cross-domain fault diagnosis method called
DASEM. This method utilizes direct transfer deep learning techniques to enhance the representation of global statistical charac-
teristics within the framework of domain adversarial learning. It also integrates these characteristics with local structural patterns
by constructing a dual-path feature extractor. The balance between domain labels and data structures is utilized to describe the
manifestation of domain adversarial learning.and the fault diagnosis results are outputted based on class labels. Experimental re-
sults on the bearing datasets from Western Reserve University and Jiangnan University demonstrate the effectiveness of

DASEM, achieving an average accuracy of 94. 90% and 93. 15 % , respectively,for various cross-domain tasks.

Keywords Fault diagnosis,Feature distribution alignment, Domain adversarial, Global statistical characteristics
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Table 1  Comparison of classification accuracy on CWRU bearing
dataset
0
£ % CNN Resnet BiLSTM DAGCN CORAL DASEM

Qo—1 99.23 98. 47 71.65 98.08 96. 70 99.23
Qo2 97.70 90. 42 67.43 99.23 98.47 99.23
Qo3 94.25 90. 42 66.28 93.10 92.72 96.17
Qi—~o 79. 31 81.23 56.70 78.93 81.23 81.61
Q12 98.05 100. 00 61.36 99. 89 99. 68 100. 00
Qi3 96.75 100. 00 71.75 98.05 97.73 100. 00
Q20 81.23 81.61 56.70 80. 84 81.23 81.61
Qa1 97.08 100. 00 65.58 98.05 96.43 99.68

Qz>3 97.73 100. 00 59.42 98. 70 98.05 100. 00
Q30 81.23 77.01 53. 64 81.61 81.61 81.61
Q3z->1 90. 26 99. 35 62.01 93.18 92.53 99. 68
Q32 93.18 100. 00 60.39 96. 75 95. 45 100. 00

FHE 92.17 93.21 62.74 93.07 92.65 94.90
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Table 2 Comparison of classification accuracy on bearing dataset of
Jiangnan University
%)
T 4% CNN Resnet  BiILSTM DAGCN CORAL DASEM

Qo1 93.37 86. 86 74.32 92.42 56. 54 95.26
Qo2 90. 78 93.00 85.32 90. 14 56.25 93.21
Q1o 89.98 92.49 47.10 85.77 57.05 89.05
Q12 95.69 97.95 95.73 96.59 61.57 95. 84
Q20 86. 38 81.91 59.22 84.04 51.91 87.17
Q21 95. 64 96. 25 93. 86 95. 60 59.10 98.36
i 91.97 91.41 75.91 90.76 57.07 93.15

2)THBSIEY . AT UE B AR SO A DASEM . Hr 45 A 3R 43 X
FOAY PR g (YOG 5 5w, FRT HEAT T4 Al SE 4 9 UE. 7E
DASEM B FERl b, ZBRFFHIE 8 AT QCO-EM, 5 3 25 R 4n 3%
3 M 4 fr3,

3 VUAE KR AR A LAY S g A R
Table 3 Results of ablation experiments on CWRU bearing dataset
%
< R = & Forget &.
fed &M Forget Qé)iM : EC(}EM DASEM
Qo1 98. 85 94.92 98.08 99.23
Qo2 97.70 99.61 99. 23 99. 23
Qo3 97.32 94. 14 93.10 96. 17
Q10 78.93 76.17 78.93 81.61
Q12 100. 00 99. 22 99. 89 100. 00
Qi3 100. 00 99.61 98.05 100. 00
Q20 79.69 79. 30 80. 84 81.61
Q21 99. 68 93.75 98.05 99. 68
Q23 100. 00 97. 66 98.70 100. 00
Qs3>0 75.10 79.56 81.61 81.61
Qs—-1 99. 68 96. 48 93.18 99. 68
Qs—>2 100. 00 99. 22 96.75 100. 00
F 3 93.91 92.47 93.07 94. 90
4 VLR R A L U Rl 3 4

Table 4 Results of ablation experiments on bearing dataset of

Jiangnan University

%)
=% * & Forget &.
4 #* % Forget DASEM
QCO-EM QCO-EM

Qo1 94,91 81.23 92.47 95. 26
Qo2 93.17 69.11 90. 14 93.21
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mapping on Jiangnan University dataset
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