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Abstract: The remaining useful life (RUL) prediction of lithium-ion batteries is an important part of battery health
management. To improve the accuracy of RUL prediction, a battery RUL prediction method based on the fusion of
source-domain battery iterations module (SIM) and long short-term memory (LSTM) neural network is proposed. First,
multiple batteries with known degradation trends are used as source-domain batteries, and their full-life capacity
degradation data is used to construct an SIM to obtain the optimal LSTM pre-training model. Second, the pre-training
model is transferred to the target-domain and further fine-tuned using the target-domain training set. Finally, the
fine-tuned LSTM pre-training model is used for the capacity prediction task of the target-domain battery and completes
the RUL prediction. Three open-source datasets were used to validate the effectiveness of the algorithm. Results show

that the RUL prediction error of this algorithm is less than 2 cycles for the same type of source-domain and target-domain

batteries. For different battery types, the RUL prediction error
=) . . & . -12- -12-29. . . .
Wefm B A : 2022-10-18; FEEIEHH: 2022-12-18, 2022-12-29; is less than 10 cycles except for 20% of the starting points for

FRABAM: 2023-02-09; FI&HZHH: 2023-03-24 prediction, indicating a high level of prediction accuracy.
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Fig. 6 Capacity prediction curvesfor No. 1 experimental group
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Tab. 5 Prediction results of No. 2 and No. 3 experimental groups under different starting pointsfor prediction
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