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Prediction of remaining useful life of lithium battery based on
improved auxiliary particle filter

LIU Jiasen', HE Feng', BIAN Dongsheng”, YU Biyun’

(1 School of Mechanical Engineering, Guizhou University, Guiyang 550025, China;
2 Chery Wanda Guizhou Bus Co. , Ltd, Guiyang 550014, China)

Abstract: In order to solve the problems of weight degradation and particle depletion caused by the particle filter algorithm in the
prediction of the remaining service life of lithium batteries, auxiliary variables were introduced on the basis of the standard particle
filter algorithm, and the particles were weighted twice to improve the stability of their weight changes. The fusion residual
resampling method is used to resample particles to solve the problem of insufficient particle diversity. NCA terpolymer lithium—-ion
batteries were selected as experimental objects and a charge—discharge experimental test platform was built to obtain battery capacity
degradation data under different cutoff voltages. The improved auxiliary particle filter algorithm was compared with the standard
particle filter algorithm in combination with the NASA data set. The improved auxiliary particle filter algorithm showed high
prediction accuracy under different battery data sets. And in the case of less sample data, it can also reflect better predictive
performance, and can more accurately estimate the remaining service life of lithium batteries.
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Table 1 Experimental battery parameters
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Fig. 1 Experimental test platform
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Table 3 Parameter fitting initial value
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Fig. 3 Different algorithms using 1/2 data as training data predict results
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Table 4 Comparison of RUL results of different algorithms
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