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Remaining Useful Life Prediction Method of Lithium-lon Battery Based
on Bi-LSTM Network Under Multi-State Influence
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(College of Missile Engineering , Rocket Force University of Engineering, Xi’an, Shaanxi 710025, China)

Abstract: The life information contained in multiple internal states of lithium-ion battery is not fully considered in
the existing RUL(Remaining Useful Life) prediction methods of lithium-ion battery based on deep learning. In view of this,
a RUL prediction model that integrates the three internal states include battery capacity, impedance and temperature is pro-
posed. The Bi-LSTM(Bi-directional Long Short-Term Memory) network is introduced to learn the correlation about time of
the data of the three states firstly. Secondly, the equivalence between dropout technology and Bayesian variational inference
technology is used to quantify the uncertainty of the RUL prediction results. The 95% confidence interval and PDF(Proba-
bility Distribution Function) of the RUL prediction results are obtained, and the effect on the prediction uncertainty of differ-
ent dropout rates is analyzed. Finally, the effectiveness of this method is verified through the comparative experiments of
four different deep learning model and two input schemes of internal state.
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