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Abstract: Accurate state of health (SOH) estimation is crucial for the safe operation of lithium-ion batteries.
However, the complex cycling conditions and random initial charging state of lithium-ion batteries make the inputs of
most existing methods unable to be satisfied. To address this problem, we propose an end-to-end SOH estimation
method based on relaxation voltage. This method directly establishes the nonlinear relationship between relaxation
voltage and SOH using a Bayesian optimization-assisted deep feedforward neural network (BO-DNN), eliminating the
laborious feature extraction process. The performance of the estimation method was verified on three different battery
aging datasets. The results show that the model achieves a root mean sgquare error (RMSE) of 0.011 O on the dataset
used for model building. A transfer learning model developed by fine-tuning the basic model only relies on less than
3.5% training data, and it achieves an RM SE of less than 0.016 3 on the datasets used for model validation.
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Tab. 5 Estimation RM SE and R? of different modelson
different testing sets
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3 0.0163 0.969 00288 0.905 0.0299 0.898
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Fig. 8 Estimation results of the TL model
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