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[ Abstract]To address the issue that existing supervised learning methods for estimating the battery State of Health (SOH)

rely on scarce labeled data while neglecting the abundance of easily obtainable unlabeled data, a joint SOH estimation method

based on Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) within a Semi-Supervised Learning (SSL)

framework is proposed. First, three interpretable health indicators are extracted from the charging voltage to accurately describe

battery degradation. Then, based on SSL, pseudo—labels for unlabeled data are predicted to augment the training samples,

thereby enhancing the generalization capability of the model. Analysis and experiments demonstrate that the proposed SSL—

based method significantly improves SOH estimation performance, with an average Root Mean Square Error (RMSE) below 1.2%.
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