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A multi-domain adversarial transfer method for fault diagnosis of railway bogies
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2. College of Electrical Engineering ,Sichuan University, Chengdu 610065, China)

Abstract: The bogie system of a railway train is one of the key subsystems ensuring operational safety. It is significantly affected by
factors such as track conditions, time periods, and climate, leading to complex and variable working conditions, while fault-labeled data
under specific conditions are scarce. Traditional deep learning-based fault diagnosis methods typically rely on large-scale labeled datasets
and often exhibit poor generalization in cross-domain tasks. Existing transfer learning methods for bogie diagnosis generally lack effective
alignment of internal feature distributions within the source domain, increasing the risk of negative transfer and limiting the model’s
transfer performance. To address these issues, this article proposes an innovative multi-domain adversarial transfer method for fault
diagnosis of railway bogies, aiming to align fault features of railway bogies under multiple operating conditions and enhance diagnostic
performance across domains. First, pretraining is conducted on a source domain that includes multiple operating conditions. During
pretraining, a domain-adversarial fusion method is used to align features across different conditions and to learn generalizable features.
Then, the pretrained model is partially frozen and fine-tuned on 20% and 5% of the target domain data, respectively, to adapt to the
target task. Testing on the test set achieves average classification recall rates of 98. 48% and 93.00% , and average false alarm rates of
0.13% and 0. 58% , respectively. Across all evaluation metrics—including recall, false alarm rate, precision, and F1-score—both the
average and worst-case values outperform comparison methods. Experimental results show that the proposed method achieves higher
diagnostic accuracy for faults in the power transmission chain based solely on easily accessible three-phase motor current and rotational

speed data. It performs particularly well for confusing fault types and maintains effective diagnostic capabilities even with minimal target
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domain data by leveraging diverse working condition data from the source domain.

Keywords : domain adversarial; residual network ; transfer learning; bogie; fault diagnosis
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Table 1 Fault diagnosis results of various methods

fabr ik Z9lo B M2 23 ml4 Zs Hle N7 28 mIo 210 Z 11 2N 12 FINE
DAF-PFT 0.9645 1.0000 0.9985 0.96995 0990 10000 0.9950 0920 09234 1.0000 10000 10000 1.0000 0.9848
DANN 0.6657 04199 00000 05475 07673 06211 05020 04670 0.5095 0995 0930 0.9570 0.9900 0.6492

DDC 0501 01171 01221 05911 0050 0979 01717 0.7693 0.7863 0.980 0.9820 0.995 0.9715 0.617 8

E%: DT 0.6161 0.4660 0.5751 0.6902 0.4650 0.5285 0.4515 0.4905 04284 10000 0915 07703 0.7503 0.6326
MTL  0.7372 0.4009 0.8168 0.844 0.4454 07077 0.834 01622 07167 10000 10000 09930 0.995 0.7498
OSDABP 0.3348 0.0000 0.4484 0.4580 0.844 1.0000 09129 0.0000 0.3253 10000 10000 10000 1.0000 0.6411
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OSDABP 0.0266 0.0000 0.0012 0.0369 0.0928 0.0833 0.0575 0000 00197 00000 0.0000 00000 0.0000 0.0245
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OSDABP 0.5123 0.0000 09697 05083 04340 0500 0595 0000 05788 1000 1000 1000 10000 0.6210

PET 0.8241 0970 10000 09717 09214 0945 09826 09859 09892 0995 090 1000 10000 0.9742
DAF-PFT 0.9669 1.0000 0.992 09670 0974 10000 0.986 0.984 0942 10000 1000 10000 10000 0.9848
DANN 0.6348 0.46000 0.0000 0.5801 0.6662 0.5617 0.4%0 04751 03760 0.997 0.905 09780 0.912 0.6313

DDC 0.6005 0.1%8 01778 0.5920 0.0477 06525 0.2328 0548 04740 092 09764 0947 09855 0.5740
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MTL 0.849 0.4734 07669 08455 05452 06121 06439 02518 0.6387 10000 1.0000 0.9747 0995 0.7351
OSDABP 0.4050 0.0000 0.6133 0.4818 0.5756 0.6667 0.7014 0.0000 0.4165 10000 10000 1.0000 1.0000 0.6046

PET 0.842 09983 1000 0812 0952 0973 09870 09842 09522 0997 0990 0997 0992 09713
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Fig. 7 Visualization of features from different methods
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Table 2 Performance of models fine-tuned using 5% target domain data ( test set)
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Fig. 9 Training epoch sensitivity line charts
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Table 3 Training and inference time of models (s)

WikeS CPU HEFRHTA] GPU kBT 8] UllEE ]
DAF-PFT 0.016 213 0. 006 022 31
PFT 0.016 263 0. 006 069 35
DDC 0.016 419 0. 006 184 860
DT 0.016 531 0. 006 187 566
MTL 0. 016 501 0. 006 123 901
DANN 0.017 267 0. 006 390 853
OSDABP 0.016 239 0. 006 231 844
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