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Abstract: The remaining useful life can monitor the instantaneous state of the performance and safety of lithium
battery. Therefore, controlling the remaining useful life of lithium battery is of significance for the safety of battery use.
In response to the low predictability of high-frequency oscillation components in the initial decomposition of lithium
battery capacity, a nonlinear and non-stationary signal processing method based on the secondary decomposition of
high-frequency signals combined with machine learning prediction models is proposed. First, the original signal is
decomposed by the complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) algorithm.
Then, the high-frequency random disturbance signals are further decomposed using the variational mode decomposition
algorithm, followed by the prediction of components using the long short-term memory (LSTM) network. Experimental
verification based on four NASA datasets shows that the proposed method has high prediction accuracy. Compared with
those obtained by the CEEMDAN-LSTM model for single decomposition prediction, the value of R* of the sequence
prediction is improved by 1.25%, while the values of MAE, RMSE and MAPE are reduced by 39.34%, 49.43% and
41.44%, respectively. The proposed method is robust for the effective prediction of high-frequency signals, as
demonstrated by experiments on two CALCE datasets.
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Fig. 1 Flow chart of remaining useful life prediction for lithium battery
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