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Abstract: Against the backdrop of the rapid development of new energy vehicles and large-
scale energy storage systems, accurate prediction of the state of health (SOH) of lithium-ion
batteries is of great importance for ensuring the safe and stable operation of battery systems
and extending their service life. To address the challenges associated with the direct
acquisition of lithium-ion battery health parameters, as well as the limited SOH prediction
accuracy of traditional time-series forecasting models caused by low single-variable prediction
precision and multivariable weighting schemes, this study proposes a multi-feature fusion
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SOH prediction model based on a variable selection network (VSN) and gated recurrent unit
(GRU). First, health indicators (HIs) with high correlations to SOH are extracted from battery
charge-discharge cycle data to construct a multivariate feature sequence. Subsequently, the
sequence is adaptively and collaboratively decomposed using multivariate variational mode
decomposition to fully extract and preserve the coupled time-frequency characteristics among
variables. For each decomposed multivariate subsequence, a VSN_GRU model optimized
using the Tasmanian Devil Optimization algorithm is developed to achieve dynamic
perception, modeling, and prediction of key Hls. Finally, the overall SOH prediction is obtained
by aggregating the prediction results of all decomposed components. Experimental results
based on the NASA battery dataset and the WZU random battery degradation dataset
demonstrate that, compared with benchmark models used in the ablation experiments, the
proposed model substantially improves the prediction accuracy of lithium-ion battery SOH.
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Fig. 1 Battery capacity fade curve of NASA
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Fig. 3 Variations of charge-discharge current, voltage and temperature under different cycle numbers
(dataset A)
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Fig. 6 Architecture diagram of the overall technical route
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Table 3 Model evaluation metrics (dataset A)

x4 RETFMIER (BIEEB)

Table 4 Model evaluation metrics (dataset B)
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M1 0.1455 00381 00314 0799 M1 02739 00523 00484  0.8833
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Table 6 Comparison with mainstream model

PSO and TDO predictions
BRIEETN VRN R AR
R " i)
MSE/% RMSE  MAE R MSE/% RMSE  MAE R?
PSO-VSN_GRU 0.0514 0.0226 0.0201  0.9079 LSTM 0.3678 0.0606 0.0520 0.6452
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LR ME 1M K6 iac. MNE6FHITUEH, A MVMD-TDO-TCN 0.0593  0.0243 0.0229  0.9430
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