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Abstract

As the core rotating component of the running gear system for high-speed trains, the operating sta-
tus of train bearings is directly related to the safety and reliability of the train. Operating for long
periods under complex conditions such as high rotational speeds and alternating loads, bearings
exhibit prominent characteristics, including a high failure rate and vulnerability to damage, making
them a key monitoring target for the safe operation and maintenance of high-speed trains. Failure
to diagnose bearing faults in a timely and accurate manner may lead to catastrophic consequences
such as operational delays or even derailment. Therefore, conducting research on precise and ro-
bust fault diagnosis for such bearings is of great significance for engineering safety. Traditional fault
diagnosis methods mostly rely on expert prior knowledge or conventional signal processing tech-
niques, which struggle to meet the high-standard requirements of complex operational scenarios
in terms of diagnostic accuracy, generalization ability and real-time performance. In recent years,
intelligent diagnosis methods based on deep learning have shown tremendous potential owing to
their powerful feature learning capabilities. However, in practical engineering applications, they
still face two major challenges: first, vibration signals are easily disturbed by strong noise, resulting
in the obscuration of fault features; second, the inter-class sample imbalance caused by scarce fault
samples limits the generalization performance of supervised learning models. Notably, in sharp
contrast to the scarce and costly real-world operational fault data, researchers can easily obtain a
large amount of fully labeled bearing data covering various fault types and severity levels in a con-
trolled bench test environment. Moreover, the physical failure mechanism of such test bearings is
highly similar to that of actual train bearings. How to effectively utilize this abundant laboratory
data to compensate for the shortage of fault data in actual operation and maintenance has become
the key to breaking through the dilemma. Against this background, transfer learning—a machine
learning paradigm that can transfer knowledge learned from one domain (source domain, e.g., la-
boratory test bench) to another related domain with different data distribution (target domain, e.g.,
online operating trains)—provides a promising solution to the above dilemmas of data scarcity and
distribution imbalance. This research is carried out at the intersection of such practical demands
and technological opportunities, aiming to explore transfer learning-based solutions and promote
the engineering practical application of intelligent fault diagnosis technology for high-speed train
bearings.
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Table 2. Outlier processing results
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Figure 1. Distribution differences of different fault types on key features
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Figure 2. Data screening process
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Table 4. Sampling rate allocation
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Figure 3. Feature importance analysis
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