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A transfer learning based Estimating the battery SOH in battery DOD
condition
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Fig. 1 Capacity graph to DOD conditions
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Table 2 SOH Estimation Performance
MAE MSE RMSE R2
0.2092 0.0807 0.2843 0.9857
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Fig. 4 Comparison of SOH Estimation - DOD Middle
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Table 3 Comparison of SOH Estimation Performance

MAE MSE RMSE R?
TL- M 0.3973 0.2332 04829 09713
LSTM -M | 42164 20.6127 45401 -1.5286
TL- L 0.3805 0.1993 04464 0.9380
LSTM -L 1.6808 3.1237 1.7674 0.0285
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