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Prediction of remaining useful life of rolling bearing based on deep learning
WAN Xiaofan, FENG Shirui, ZHANG Ying

(College of Automotive and Transportation Engineering, Nanjing Forestry University, Nanjing 210037, China)

Abstract: Rolling bearings are the " joint points” of mechanical transmission equipment, and the prediction of their remaining
service life is of great significance to the safe production and maintenance of mechanical equipment. In this paper, a prediction
model for the remaining service life of rolling bearings based on deep learning is proposed. Firstly, the time—domain, frequency—
domain and time—frequency domain features of the rolling bearing vibration signal were extracted, and the sensitive features that
could reflect the bearing degradation process were screened out by using monotonicity and robustness. Secondly, the health factors
were extracted based on the Gaussian mixture model to solve the problem that a single characteristic index could not effectively
reflect the degradation trend. Finally, the network structure parameters of the particle swarm optimization are input into the model to
predict the remaining service life of the bearing, and the prediction accuracy of the two—way long short—term memory neural
network model after particle swarm optimization is about 10. 6% and 24. 7% higher than that of the two—way long short—-term
memory neural network model.
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