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A Physics-Guided Hybrid Framework for Synthetic Battery
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Abstract

Battery degradation data acquired under restricted Depth-of-Discharge (DoD) conditions reflect real-world operating
environments; however, constructing training datasets remains difficult because of high acquisition costs and limited
distributional coverage. To address these limitations, this study proposes a physics -data hybrid synthetic data
generation framework comprising normalization, physical parameter identification, physics-based seed generation,
surrogate-model-based large-scale generation, residual correction in a summary space, and quality-control gates. The
proposed framework evaluates both group-level distributional alignment and physical consistency using data acquired
within a restricted State-of-Charge (SoC) range of 40% - 85%, and includes only synthetic data satisfying the quality
criteria in the final training dataset. In the internal experiments, 375,207 restricted-DoD synthetic samples were
generated from six LG MSOL cells and 4,027 measured cycle summaries. The framework was also applied
progressively to external public datasets to assess its broader applicability.
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ROC-AUC | 0.7241|0.6613| 0.5818 | 0.5782 |0.5548| 0.7392
KS max |0.2819|0.5416| 0.5000|0.0380| 0.9854 | 0.5000

Correlation
ift 0.2118]0.4720| 1.0000|0.2552| 0.3615 | 1.0000
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Fig. 3. Distribution comparison between measured constrained DoD data and the final synthetic data. ECDF of the merged
dataset is presented, with quantitative summaries provided for each group
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Table 6. Performance summary of the proposed method
on external datasets

Soope Median
Dataset P KS max relative
coverage
error max
NASA FY08Q4 0.588 0.010554 | 0.000087
Stanford SECL W8 0.602 0.014108 | 0.000005
Stanford SECL W10 | 0.608 0.013684 | 0.000002
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