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Abstract : This study proposes a multi-output regression model for predicting the internal resis-
tance of lithium-ion batteries across various states of charge(SOC), based on time-series data
collected during the formation stage of the manufacturing process. The target resistance values
were measured after aging using the Hybrid Pulse Power Characterization(HPPC) test. The
input data consist of time-series measurements of voltage, current, and charge/discharge capacity
recorded during formation, while the outputs correspond to internal resistance values at 24 SOC
points ranging from 5% to 100%. The proposed regression models, based on XGBoost and
Random Forest, achieved low mean errors of less than 1 mQ and high coefficients of deter-
mination(R?> = 0.99) across the entire SOC range without the need for additional pulse diag-
nostics. In particular, the model precisely predicted the internal resistance at 5% SOC—strongly
correlated with battery lifespan—with a mean absolute percentage error of around 3%, demon-
strating the feasibility of extracting early-life indicators using only charge/discharge data from
the formation stage. By presenting a data-driven diagnostic approach that virtualizes the HPPC
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test, this work enables non-invasive estimation of internal resistance characteristics and offers
practical applicability for battery lifespan prediction, quality screening, and process optimization.

Keywords : Lithium-ion battery, Formation data, Internal resistance across State of Charge, Hybrid

Pulse Power Characterization
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Fig. 1. Comparison between the SOC-resolved internal resistance measurement approach of the previous study (Weng et
al.) and the formation data-based prediction pipeline proposed in this study.
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Table 1. Performance of regression models for predicting internal resistance across all SOC levels

Evaluation Model
Metric LR MLP LSTM XG Cat RF
R? Outer fold 1 0.992 0.638 0.542 0.998 0.988 0.997
Outer fold 2 0.752 0.554 0.692 0.991 0.981 0.992
Outer fold 3 0.826 0.642 0.564 0.997 0.966 0.997
Outer fold 4 0.986 0.774 0.730 0.998 0.993 0.996
Outer fold 5 0.986 0.764 0.639 0.997 0.988 0.998
Mean 0.908 0.674 0.633 0.996 0.983 0.996
HL estimator 0.906 0.664 0.636 0.997 0.984 0.996
MAE (mQ)  Outer fold 1 1.19 7.08 8.77 0.569 1.37 0.556
Outer fold 2 5.08 9.22 7.99 0.562 1.50 0.562
Outer fold 3 4.82 7.38 8.81 0.731 1.92 0.619
Outer fold 4 1.37 6.81 8.35 0.642 1.14 0.848
Outer fold 5 1.23 6.77 8.69 0.726 1.45 0.499
Mean 2.74 7.45 8.52 0.646 1.48 0.617
HL estimator 3.03 7.10 8.56 0.647 1.45 0.588
MAPE (%)  Outer fold 1 491 29.3 343 245 5.10 222
Outer fold 2 20.5 394 29.3 1.88 5.14 1.96
Outer fold 3 17.1 29.4 36.3 3.62 7.51 2.82
Outer fold 4 4.49 24.8 25.7 2.11 3.94 2.89
Outer fold 5 3.89 26.6 31.7 291 5.59 2.09
Mean 10.2 29.9 314 2.59 5.46 2.40
HL estimator 10.8 29.3 31.7 2.51 5.35 243
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(a) Internal Resistance Prediction across SOC (#7) (b) Absolute Error of Prediction across SOC (#7)
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Fig. 2. Internal resistance prediction results for three representative cells(#7, #17, #37). (a), (c), (e): Predicted resistance
profiles from six regression models(LR, MLP, LSTM, XG, Cat, and RF) versus HPPC-measured values across the entire

SOC range(5-100%). (b), (d), (f): Absolute prediction errors (|predicted - measured|) as a function of SOC for the
corresponding cells.
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Table 2. Regression Performance Comparison for Predicting RLS: R%,, MAE, and MAPE

Evaluation Model
Metric LR MLP LSTM XG Cat RF
R? Outer fold 1 0.986 0.217 -0.0995 0.999 0.977 0.997
Outer fold 2 0.139 -0.170 -0.00233 0.962 0.929 0.963
Outer fold 3 0.561 0.142 -0.0731 0.995 0.907 0.995
Outer fold 4 0.922 -0.0598 -0.467 0.990 0.969 0.987
Outer fold 5 0.962 0.462 0.000 0.996 0.969 0.998
Mean 0.714 0.118 -0.128 0.988 0.950 0.988
HL estimator 0.762 0.130 -0.0731 0.992 0.950 0.992
MAE (mQ) Outer fold 1 5.16 39.8 53.2 1.09 7.12 1.97
Outer fold 2 334 42.7 46.1 4.89 11.7 4.79
Outer fold 3 28.5 423 52.6 2.79 14.1 2.62
Outer fold 4 8.63 34.0 48.9 3.28 5.62 3.61
Outer fold 5 7.06 32.5 52.3 2.69 8.00 1.81
Mean 16.6 38.3 50.6 2.95 9.31 2.96
HL estimator 17.8 38.2 50.8 2.99 941 2.79
MAPE (%) Outer fold 1 7.46 60.5 78.6 1.57 9.29 2.46
Outer fold 2 50.5 63.5 55.1 5.90 15.0 5.94
Outer fold 3 30.0 55.2 73.8 3.82 18.6 3.53
Outer fold 4 9.11 37.9 43.9 2.47 6.00 2.83
Outer fold 5 5.56 38.5 67.6 3.18 10.5 2.63
Mean 20.5 51.1 63.8 3.39 11.9 3.48
HL estimator 18.7 50.7 64.5 3.18 12.1 3.08
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Absolute Error Distribution of SOC 5% Predictions
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Fig. 3. Absolute error distribution of RLS predictions by model. Box plots show the prediction errors across all 40 cells,

with outliers indicated as individual points.
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Nemenyi Test Heatmap (p-values)
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Fig. 4. Nemenyi post-hoc test results for pairwise model comparisons in RLS prediction. Darker blue indicates

statistically significant differences (p < 0.05) between models.
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