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Abstract. Accurate estimation of State of Charge (SOC), State of Health (SOH), Depth of 

Discharge (DOD), and internal resistance is critical for Battery Management Systems (BMS) in 

electric vehicles and energy storage. Conventional methods fail to capture the nonlinear and 

temporal dynamics of lithium-ion cells, while existing machine learning approaches lack 

systematic benchmarking for embedded deployment. This study evaluates three hybrid models—

XGBoost-LSTM, XGBoost-SVR, and Linear Regression-Random Forest—on high-resolution 

Samsung 30T single-cell data (five cycles, 6,081 timesteps). Models used 35 mutual 

information-selected features, identical preprocessing, and Bayesian hyperparameter 

optimization. XGBoost-LSTM achieved superior accuracy: SOC (R²=0.983), SOH (R²=0.985), 

DOD (R²=0.977), and internal resistance (R²=0.972), outperforming baselines significantly 

(Wilcoxon p<0.05). Computational profiling showed 15 ms inference latency and 60 MB 

memory usage, suitable for real-time BMS at 10 Hz. Results indicate that hybrid temporal 

learning improves battery diagnostics, while further validation across multiple chemistries, 

extended temperatures, multi-cell setups, and longer cycles is recommended for practical 

deployment. 
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Lithium-ion batteries are now the primary energy storage solution for electric vehicles and renewable 

energy systems due to their low cost, long cycle life, and high energy density. Reliable monitoring of 

State of Charge (SOC), State of Health (SOH), Depth of Discharge (DOD), and internal resistance is 

critical for Battery Management Systems (BMS) to optimize charging, prevent damage, and ensure 

vehicle safety in real time [1–3].  Traditional BMS methods, such as Coulomb counting, open-circuit 

voltage lookup, and electrochemical impedance spectroscopy, struggle to capture the non-linear and 

dynamic behavior of charge-discharge cycles, resulting in less accurate real-time estimates of battery 

states.  

Machine learning techniques, such as XGBoost and LSTM, have demonstrated the ability to model 

non-linear relationships and temporal dependencies inherent in battery operation [4–12]. Nevertheless, 

most studies rely on single models with limited benchmark datasets, which may not reflect real-world 

embedded BMS constraints [13–19].  Physics-based models, while highly interpretable, are 

computationally intensive and unsuitable for real-time deployment, whereas purely data-driven 

approaches provide fast predictions but lack mechanistic interpretability [20–22].  Hybrid approaches, 

combining data-driven and physics-based methods, are therefore recommended to balance accuracy, 

computational efficiency, and BMS safety [23–25]. 

The current research gap lies in the absence of systematic evaluation of hybrid ensembles, 

particularly XGBoost-LSTM, on high-resolution single-cell datasets with clear benchmarking and 

computational profiling suitable for embedded BMS [26,27].  A comparison of the proposed work with 

standard benchmarks is shown in table 1.1,  

 

Table. 1. Comparison of Proposed Work with Standard Benchmarks 
Dataset 

Source 

Cell Type Parameters 

Monitored 

Typical SOH Accuracy 

($R^2$) 

Thermal 

Data 

NASA PCoE  18650 (2 Ah) V, I, T 0.95 – 0.97 (Literature) Limited 

Sync 

CALCE  Prismatic (1.1 

Ah) 

V, I, T 0.94 – 0.96 (Literature) Low 

Resolution 

This Work 21700 (30T 

15Ah) 

V, I, T, R, P 0.985 (Experimental) High Res 

(1 Hz) 

which highlights the high-resolution Samsung 30T 15 Ah single-cell dataset used in this study and 

its superior SOH accuracy (R²=0.985) relative to conventional datasets. This study addresses this gap 

by evaluating hybrid learning frameworks on synchronized multi-parameter data, with a focus on both 

predictive performance and computational feasibility for real-time embedded applications. A comparison 

of proposed work with standard benchmarks is shown in table 1, highlighting the high-resolution 

experimental dataset (Samsung 30T, 15 Ah) used in this study and its superior SOH accuracy (R²=0.985) 

relative to conventional datasets. 
 

Figure 1. Comparison Diagnostic Metode Traditional Diagnostic and Machine Learning  

 

This study systematically addresses four specific research questions related to hybrid learning 

frameworks for battery state estimation. First, it investigates which of the three hybrid architectures—

XGBoost-LSTM, XGBoost-SVR, or Linear Regression-Random Forest—provides the optimal balance 
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between prediction accuracy (R² ≥ 0.98 target) and computational efficiency, including inference latency 

and memory usage, suitable for real-time embedded BMS deployment. Second, the study examines 

whether explicit temporal modeling through LSTM provides statistically significant improvements over 

non-temporal ensemble methods and whether these improvements justify the additional computational 

overhead. Third, it evaluates the quantitative computational requirements of each hybrid model, such as 

inference latency, peak memory usage, and energy per prediction, when deployed on representative 

embedded hardware (ARM Cortex-M4 @ 180 MHz, 256 KB SRAM), to determine compatibility with 

typical BMS update rates of 10 Hz. Finally, the robustness of model predictions across the five-cycle 

degradation trajectory is analyzed to identify which architecture maintains accuracy as battery properties 

evolve and to quantify potential performance degradation beyond the training window. 

2.   Methods 

The Methods chapter systematically outlines all research stages conducted to achieve the study’s 

objectives, starting with the experimental design and description of the 30T 15A lithium-ion cell dataset 

employed—justifying its selection based on representativeness and relevancy—followed by detailed 

preprocessing procedures such as data normalization, feature selection, and the partitioning of data into 

training and testing sets. It then describes the implementation of three hybrid modeling approaches 

(XGBoost–LSTM, XGBoost–SVR, and Linear Regression–Random Forest), including hyperparameter 

optimization strategies, and concludes with the performance evaluation metrics—R² score, Mean 

Absolute Error (MAE), and Root Mean Square Error (RMSE)—used to assess the accuracy of SOC, 

SOH, DOD, and internal resistance predictions. 

 

2.1.   Experimental Design and Protocol 

This research uses the Samsung 30T 15Ah single-cell lithium-ion as the dataset basis for evaluating the 

hybrid model predicting BMS parameters. The dataset includes five charge-discharge cycles conducted 

in a laboratory with strict environmental control, namely ambient 25±2°C and cell surface 41–50°C, to 

ensure consistent thermal stability throughout the measurements. 

 

Table 2. Dataset Characteristic and Spesifications 
Characteristic  Specification 

Dataset Name 30T15A_5Cycle.xlsx 

Battery Cell Type Lithium-ion cylindrical (Samsung 30T) 

Nominal Capacity 15 Ah 

Test Protocol Charge-discharge cycling 

Number of Cycles 5 complete cycles (0–4) 

Raw Sensor Readings ~175,000 measurements (multi-frequency sensors) 

Synchronized Timesteps 6,081 data points at 1 Hz 

Test Duration 4,277 seconds (≈1.19 hours) 

Ambient Chamber Temperature 25±2°C (maintained by environmental controller) 

Cell Surface Temperature Range 41.7–50.3°C (measured via 8 thermocouples) 

Cable/Ambient Sensor Temperature 35.3–36.0°C (verification sensors) 

Voltage Operating Range 2.488–4.201 V 

Current Range −15.046 to +15.002 A (±1C rate = ±15 A) 

Sampling Frequency 1 Hz (all channels synchronized) 

Data Quality ~99.5% complete (0.5% imputed via 

interpolation/forward-fill) 

Each cycle is controlled thru the standard CC-CV protocol at 1C up to 4.2 V during the charging 

phase and CC 1C up to 2.5 V during the discharging phase, with a 10-minute rest interval between 

phases to avoid thermal lag effects that could impact the estimation of electrochemical parameters. The 

recorded parameters include terminal voltage (V), current (I), instantaneous power (P), cumulative 
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capacity (Ah/Wh), internal resistance (R), as well as surface and ambient temperature (T), all 

synchronized at 1 Hz, resulting in a dataset with 6,081 timesteps. 

 

Figure 2. BMS Experimental System Overview and test circuit 

2.2.   Data Preparation and Temporal Feature Construction 

This study applies a unified preprocessing pipeline to produce high-quality and time-consistent inputs 

for both feature-based and temporal models. All recorded channels are synchronized to a common 

sampling rate of 1 Hz to align electrical, electrochemical, and thermal measurements. Non-physical and 

corrupted samples are removed before modeling to improve data quality and training stability. Missing 

values are handled using signal-aware imputation, where slowly varying variables such as capacity and 

cumulative Ah/Wh are forward-filled for gaps of up to five timesteps, while larger gaps are discarded. 

For dynamic signals, including voltage, current, internal resistance, and temperature, linear interpolation 

is applied to preserve continuity. 

To improve robustness, outliers are detected using a rolling median filter with a 51-timestep window 

and a 3σ threshold, then replaced with median-filtered values. A 4th-order low-pass Butterworth filter 

with a cutoff frequency of 0.1 Hz is also applied to voltage, current, and resistance signals to reduce 

high-frequency noise while preserving relevant battery dynamics. Feature engineering generates 52 

candidate features per timestep, including temporal derivatives, cumulative throughput variables, 

impedance and thermal statistics, voltage plateau indicators, and cycle-level aging markers. These 

features are then reduced using mutual information to retain the most informative predictors, followed 

by z-score normalization based only on training-set statistics to prevent data leakage. 

Since the dataset is temporal, data partitioning is performed by cycle rather than randomly to preserve 

chronological order. The final split consists of 70% training data, 15% validation data, and 15% testing 

data. For temporal modeling, the synchronized signals are further arranged into overlapping sequences 

using a sliding-window approach with a window length of 50 timesteps and a stride of 10 timesteps, 

without crossing cycle boundaries. The overall preprocessing, feature extraction, data split, and 

windowing configuration are summarized in tTable 3. 

 

Table 4.  Data preparation, feature construction, and temporal settings. 

 
Step Process Purpose Method Key settings 

1 Invalid record removal Remove non-

physical/corrupted 

samples 

Rule-based 

filtering 

Remove samples with 

nulls, negative voltages, 

zero current during CC, or 

constant-value channels 

2 Missing value 

imputation 

Maintain signal 

continuity 

Forward-fill + 

linear 

interpolation 

Forward-fill for slow-

varying variables 

(capacity, cumulative 

Ah/Wh) with max gap ≤ 5 

timesteps; linear 
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interpolation for V, I, R 

and temperature 

3 Outlier detection & 

replacement 

Suppress spurious 

spikes while 

preserving transitions 

Rolling median 

+ thresholding 

Rolling median window 51 

timesteps; outlier if 

deviation > 3σ from local 

median; replace with 

filtered median 

4 Noise filtering Reduce high-

frequency 

measurement noise 

Low-pass 

Butterworth 

4th order, cutoff 0.1 Hz; 

normalized cutoff 0.2 

(Nyquist 0.5 Hz at 1 Hz 

sampling); applied to V, I, 

R 

5 Feature construction Encode operating 

state, dynamics, and 

degradation 

Derived + 

rolling statistics 

52 candidate features per 

timestep; includes dV/dt, 

dI/dt, cumulative Ah/Wh, 

rolling impedance & 

thermal statistics, plateau 

indicators, cycle-level 

aging markers 

6 Standardization/scaling Stabilize optimization 

and ensure 

comparable feature 

scales 

Z-score 

normalization 
(𝑥 − 𝜇𝑡𝑟𝑎𝑖𝑛)/𝜎𝑡𝑟𝑎𝑖𝑛; 

statistics computed on 

training only to prevent 

leakage 

7 Temporal split & 

windowing 

Ensure time-

consistent evaluation 

+ sequence modeling 

Cycle-based 

split + sliding 

windows 

Split by cycle (non-

random): 70% train (cycles 

0–3), 15% val (cycle 3), 

15% test (cycle 4); 

window length 50 

timesteps, stride 10 

timesteps, no cross-cycle 

windows 

2.3 Hybrid Model Architecture and Hyperparameter Optimization 

This study evaluated three hybrid learning frameworks, namely XGBoost-LSTM, XGBoost-SVR, and 

Linear Regression-Random Forest (Linear-RF). XGBoost-LSTM combines XGBoost as the base learner 

and LSTM as the meta-learner to capture nonlinear feature interactions and temporal dependencies. 

XGBoost-SVR combines gradient boosting and support vector regression, while Linear-RF serves as a 

non-temporal ensemble baseline. All models were trained using the same preprocessed dataset, selected 

features, and time-aware data split to ensure fair comparison. 

Hyperparameters were optimized using Bayesian optimization with a Gaussian Process surrogate 

model and Expected Improvement acquisition function. The optimization objective was to minimize the 

mean RMSE across SOC, SOH, DOD, and internal resistance on expanding-window validation folds. 

The search budget was limited to 100 trials with early stopping after 20 consecutive non-improving 

iterations. The final optimized configuration of each model is summarized in tTable 5. 

 

Table 5. Final configuration  
Model Final configuration 

XGBoost-

LSTM 

XGBoost: learning rate 0.03, n_estimators 500, max_depth 8, subsample 0.8, 

colsample_bytree 0.8. LSTM: 128 and 64 units, dropout 0.2, batch size 64, 100 epochs, 

Adam (lr=0.001). 

XGBoost-

SVR 

XGBoost: learning rate 0.05, n_estimators 300, max_depth 7. SVR: RBF kernel, C = 10.0, 

γ = 0.01. Ensemble weights optimized per target. 
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Linear-RF Linear regression: L2 regularization λ = 1e-4. Random Forest: 300 trees, max_depth 12, 

min_samples_split 5, max_features = sqrt. Ensemble weights optimized per target. 

 

2.4 Computational Profilling  
Computational profiling was conducted to assess the feasibility of deploying the proposed hybrid model 

on embedded Battery Management System hardware. Profiling was performed on two platforms, 

namely an Intel Core i5-10400 desktop environment for model development and an ARM Cortex-M4F 

microcontroller as the target embedded platform. Inference latency was measured after 100 warm-up 

iterations followed by 1,000 timed runs to ensure stable and repeatable results, while memory usage was 

monitored during inference execution. This procedure enabled a consistent evaluation of execution 

speed and memory footprint under representative deployment conditions.  

To satisfy embedded resource constraints, model compression was applied through tree pruning on 

the XGBoost component and post-training quantization on both XGBoost and LSTM weights. These 

steps reduced the overall model size and improved inference efficiency with only minor accuracy 

degradation. The compressed model was then evaluated against the timing requirements of a 10 Hz BMS 

control loop. Although the initial compressed version still exceeded the ideal inference budget, a more 

aggressively pruned configuration provided a practical trade-off between prediction accuracy and real-

time feasibility, making the framework suitable for embedded implementation with additional 

optimization. 

The datasets and source code used in this study are available upon reasonable request from the 

corresponding author. This includes the processed experimental data, optimized hyperparameters, and 

model training configurations. Providing access to these resources ensures that the study’s results can 

be reproduced and validated by other researchers in the field. 

 

3.   Results and Discussion 

3.1.   Performance Performance Comparison of Hybrid Models 

To evaluate model robustness, all hybrid architectures were trained and tested over 10 independent runs 

using identical preprocessing, hyperparameter settings, and train-validation-test partitions . [2][12][19]. 

The results show that XGBoost-LSTM consistently achieved the best predictive performance across all 

targets. For SOC estimation, XGBoost-LSTM obtained 𝑅2 = 0.9829 ± 0.0014with MAE = 0.0196 ±
0.0021Ah. Similar superiority was observed for SOH (𝑅2 = 0.9847, MAE = 0.0145 ± 0.0017), 
DOD (𝑅2 = 0.9770, MAE = 0.0239 ± 0.0039 Ah), and internal resistance (R2== 

0.9717, MAE=0.0020±0.0002 Ω) These results indicate that the proposed architecture was able to 

model both nonlinear feature interactions and temporal battery behavior effectively under the tested 

experimental conditions. 

 

Table 5. Performance metrics summary for all hybrid models.  

Model R²SOC MAE 

SOC 

(Ah) 

R² 

SOH 

MAE 

SOH 

R²DOD MAE 

DOD 

(Ah) 

R²R_int MAE 

R_int 

(Ω) 

XGBoost-

LSTM 

0.9829 

± 

0.0014 

0.0196 

± 

0.0021 

0.9847 

± 

0.0011 

0.0145 

± 

0.0017 

0.9770 

± 

0.0017 

0.0239 

± 

0.0039 

0.9717 

± 

0.0012 

0.0020 

± 

0.0002 
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XGBoost-

SVR 

0.9682 

± 

0.0033 

0.0288 

± 

0.0038 

0.9733 

± 

0.0016 

0.0210 

± 

0.0028 

0.9583 

± 

0.0023 

0.0272 

± 

0.0027 

0.9605 

± 

0.0013 

0.0025 

± 

0.0004 

Linear-

RF 

0.9450 

± 

0.0034 

0.0363 

± 

0.0057 

0.9500 

± 

0.0017 

0.0254 

± 

0.0035 

0.9453 

± 

0.0019 

0.0318 

± 

0.0022 

0.9446 

± 

0.0011 

0.0029 

± 

0.0002 

In comparison, XGBoost-SVR showed intermediate performance, while Linear-RF consistently 

produced the lowest accuracy across all targets. For example, in SOC prediction, XGBoost-SVR 

achieved 𝑅2 = 0.9682 ± 0.0033with MAE = 0.0288 ± 0.0038Ah, whereas Linear-RF obtained 𝑅2 =
0.9450 ± 0.0034with MAE = 0.0363 ± 0.0057Ah. A similar ranking was observed for SOH, DOD, 

and internal resistance, confirming a consistent hierarchy of XGBoost-LSTM > XGBoost-SVR > 

Linear-RF across all prediction targets [6,12,20].  The superiority of XGBoost-LSTM is also reflected 

in Figure 6, which summarizes the R² comparison among the evaluated hybrid models 

Statistical testing further confirmed that the performance differences were not caused by random 

variation. Wilcoxon signed-rank tests showed that all pairwise comparisons among the three models 

were statistically significant across the evaluated metrics ( 𝑝 < 0.05 ). This finding strengthens the 

conclusion that the inclusion of temporal learning through LSTM provides a measurable advantage over 

non-temporal baselines, particularly for battery variables that evolve sequentialy over time. Overall, 

these findings support XGBoost-LSTM as the most accurate and stable architecture among the evaluated 

models [12,18,19]. 

Figure 3. Hybrid Model R² Scores 

 

3.2 Error Analysis and Discussion 

Residual analysis showed that XGBoost-LSTM produced relatively unbiased predictions across all 

targets. For SOC, the mean residual was −0.0008Ah with a standard deviation of 0.0156 Ah, while the 

corresponding residuals for SOH, DOD, and internal resistance also remained close to zero. In addition, 

Shapiro-Wilk test results for all targets were above the 0.05 threshold, indicating that the residual 

distributions did not deviate substantially from normality. Calibration analysis also showed slopes close 

to unity and near-zero intercepts, confirming that the model did not systematically overestimate or 

underestimate battery states within the tested range.  
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Despite its strong overall performance, prediction errors were not uniformly distributed across 

operating conditions. The largest SOC errors were observed in the low-SOC region, where MAE reached 

0.0234 Ah, compared with 0.0178 Ah in the mid-SOC range and 0.0203 Ah in the high-SOC range. 

This pattern suggests that prediction becomes more difficult when the voltage-capacity relationship 

becomes highly nonlinear [9,24] In addition, fast transient operation emerged as the clearest failure 

mode. During timesteps with ∣ 𝑑𝐼/𝑑𝑡 ∣> 5A/s, SOC MAE increased to 0.0312 Ah, or about 59% above 

the overall mean, indicating that abrupt mode transitions remain challenging for the temporal model.  

Error progression across cycles remained relatively moderate. The SOC MAE increased from 0.0191 

Ah in Cycle 3 to 0.0196 Ah in the unseen Cycle 4, indicating only a modest extrapolation error under 

early degradation conditions. This suggests that the model retained acceptable generalization over the 

short degradation trajectory covered in this study. However, the experimental scope remains limited to 

a single Samsung 30T cell, a surface temperature range of 41.7–50.3°C, and five charge-discharge 

cycles. [5,20,27] Therefore, although the proposed framework is promising for battery diagnostics under 

controlled laboratory conditions, broader validation across wider temperature ranges, longer cycle life, 

and multi-cell configurations is still required before stronger generalization claims can be made. 

 

 

 

4.   4. Conclusion 

This study shows that the XGBoost-LSTM model achieved the best performance for estimating SOC, 

SOH, DOD, and internal resistance compared with XGBoost-SVR and Linear-RF. The results indicate 

that combining nonlinear feature learning and temporal sequence modeling improves battery state 

prediction under the tested conditions. In addition, statistical testing confirmed that the superiority of 

XGBoost-LSTM was significant, while error analysis showed that the model remained relatively stable, 

although larger errors still appeared in low-SOC conditions, fast transients, and unseen cycle 

progression. Overall, the proposed framework is promising for battery diagnostics in controlled 

laboratory settings. However, further validation is still needed across wider temperature ranges, longer 

cycle life, and multi-cell battery configurations before broader practical deployment can be considered. 
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