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Fig 1. STL Results Using CS2_35 Dataset of CALCE
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Table 1. Summary of CALCE Dataset

CS2_35 CS2_36 CS2_37 CS2_38
Fresh capacity [Ah] 1126 1.134 1.124 1.127
Cycle 832 936 972 9%

Table 2. Performance on CALCE Dataset based on RMSE (%)

CS2_35 CS2_36 CS2_37 CS2_38
w/o Aug 7.253 8492 6.891 7.384
LSTM
w/ Aug 5.886 7752 6.567 5.328
w/o Aug 5.165 4716 6.591 6.990
Transformer
w/ Aug 4.258 4584 3.582 6.736
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Fig 2. Capacity Degradation of CALCE Dataset
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