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Review of Bearing Fault Diagnosis Methods under Complex Working Conditions
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Abstract: Bearing is an important part of rotating machinery. In practical applications, the operating environment of bearing is complex and
changeable. It is a research hotspot to accurately judge the bearing fault under complex working conditions. Therefore, the sample imbalance
in bearing fault diagnosis under complex working conditions and the transfer learning under variable working conditions are discussed. In the
problem of sample imbalance, the advantages, disadvantages and applicable scenarios of the involved methods are analyzed from the perspec-
tives of resampling technology and model-based generation method. In the part of transfer learning, the transfer method based on samples, fea-
tures and parameters is explained in detail, and its application prospect in variable condition bearing fault diagnosis is discussed. In addition,
it also looks forward to new technologies and methods that may emerge in the future, such as algorithms that combine deep learning and do-
main adaptation to deal with more complex working conditions and data scenarios. The purpose is to provide reference for researchers in the
field of bearing fault diagnosis, so as to further improve the accuracy and reliability of model diagnosis.
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Table 1 Comparison of resampling techniques and methods
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Table 4 Cross domain diagnostic task experimental data
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