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Remaining Useful Life Prediction of Lithium-ion Batteries Based on Frequency-channel
Attention Mechanism and MSCNet
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Abstract To address issues such as inaccurate feature extraction, significant data noise, and low precision in tracking capacity
degradation trends in lithium-ion battery capacity estimation,a novel model combining the Frequency Channel Attention Mecha-
nism(FCA) and Multi-Scale Inter-Series Correlations Net(MSCNet) is proposed. The model is designed in three stages. Firsty,
raw sensor data are preprocessed to remove noise. Secondly,prominent periodic patterns are extracted through frequency domain
analysis using the frequency-enhanced attention mechanism. Finally,the multi-scale outputs are aggregated by MSCNet, reducing
model parameters while improving effectiveness of feature extraction. Experiments based on publicly available CALCE and NASA
datasets demonstrate that the proposed model reduces relative error(RE) in battery life prediction by 10% ~20% compared to
existing algorithms,enabling more accurate tracking of battery degradation trends.

Keywords Lithiumion battery,Remaining useful life prediction, Attention mechanism,Multi-scale, Inter-series correlation
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