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Figure 1 The three-stage degradation process of

rolling bearing
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Figure 2 Error analysis of RUL based on two-stage

degradation process
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Figure 8 The impact of change-point error on remaining

life prediction
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Figure 9 Remaining life prediction results of sample 6
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A Rolling Bearing Remaining Useful Life Prediction Method Based on

Bayesian Change Point Detection

LEI Wenping' , ZOU Dongliang®, CHEN Shijin>, HUANG Guangzhong', DONG Xing'

(1. School of Mechanical and Power Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Engineering Technology Serv-
ice Company, MCCS5 Group, Shanghai 200400, China)

Abstract; To address the multi-stage characteristics of rolling bearing degradation with random change points, in
this paper a novel method was proposed to predict the remaining useful life ( RUL) of multi-stage degradation
processes. Initially, the prior parameters of each stage model were estimated using offline historical data. Then, for
a single online device, real-time change point detection was performed using the Bayesian change point detection
method. The Bayesian updating approach was adopted to update the parameters of the first stage before the change
point occurs and the second stage after the change point. Subsequently, the multi-stage model was utilized for RUL
prediction. Numerical simulations and case studies showed that the rolling bearing life prediction method based on
Bayesian change point detection could improve change point detection accuracy by 85% , thereby achieving high-
precision multi-stage RUL prediction.

Keywords: remaining useful life prediction; rolling bearing; bayesian changepoint detection; stochastic deteriora-

ting equipment





