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Residual Life Prediction of Rolling Bearing
Based on CEEMD-SE and LSTM
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Abstract;In view of the complexity of rolling bearing degradation data, and the low prediction accuracy caused by
traditional life prediction methods cannot make full use of data correlation, a life prediction model based on the
combination of Multifrequency scale sample entropy and LSTM (long short-term memory) neural network was proposed.
In this model, CEEMD ( complementary ensemble empirical mode decomposition) combined with correlation coefficient
analysis was used to extract IMF components containing major degradation information from rolling bearing vibration
signals, and its sample entropy matrix was extracted for training and testing LSTM. Through the life test of rolling
bearing, it is proved that the model can accurately predict the remaining life of rolling bearing, and the validity of the
model is verified by comparing with the prediction results of BP neural network and ELM ( extreme learning machine ).
Keywords: rolling bearing ; remaining useful life; CEEMD ; multi frequency scale sample entropy; LSTM ( Long Short-

Term Memory) neural network
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Figure 3 CEEMD decomposition results
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Figure 4  Characteristics trend of RMS and kurtosis
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