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Abstract: Vanadium flow batteries (VFBs) are susceptible to abnormal capacity decay due to
electrolyte volume imbalance during long-term operation. Therefore, accurate state of health
(SOH) prediction is essential for maintaining system stability. In this study, a battery cycle
aging data-based method based on adaptive variational mode decomposition and
reconstruction (AVMDR) is proposed to address the capacity regeneration phenomenon
observed during battery aging. The proposed method is applied to state-of-health time-series
analysis. Correlation analysis is employed to reconstruct a fluctuation function F(t)
characterizing the capacity regeneration features and a main trend function M(t) representing
the dominant capacity decay trend. An integrated neural network (INN) model is then
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constructed by employing a long short-term memory (LSTM) network and a Transformer

model to handle the distinct characteristics of functions F(f) and M({),

respectively.

Furthermore, probability distribution calculations are performed to address the uncertainties in
the prediction outcomes. The feasibility and effectiveness of the proposed hybrid model are
validated using experimental aging data. Results demonstrate that the model maintains a root
mean square error below 0.45% across multiple time scales, outperforming conventional

models in both accuracy and stability.

Keywords: vanadium flow batteries; state of health; adaptive variational mode decomposition
and reconstruction; long short-term memory; Transformer model
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