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Introduction

* Accurate State of Charge (SoC) estimation is critical for the
reliable operation and control of battery management systems
(BMS). Conventional model-based methods, such as Kalman
filters, rely on accurate electrochemical or equivalent circuit
parameters, which may not generalize well under varying aging
or operating conditions.
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Fig. 1. The conceptual approach of Digital twin of Batteries.

 To overcome these limitations, a data-driven SoC estimation
framework is developed that integrates historical battery
cycling data with digital twin representations of the BMS. The
proposed approach combines LSTM-based temporal learning
with real-time model inference to enhance SoC prediction
accuracy and robustness In  dynamic  operational
environments. This framework bridges offline model training
and online deployment, supporting adaptive and scalable
integration within BMS and cloud-edge architectures.
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Fig. 2. Data flow between the physical battery system and the cloud platform.

Methodology

* Fig. 3 illustrates the workflow of the data-driven SoC estimation
framework, covering both model training with historical battery
data and model inference for SoC estimation on an operational
BESS

 Data from an operational vessel over 2.5 years is collected,
including SoC values estimated using KF

 Measurements recorded at irregular intervals are synchronized
to a 1-second resolution, resulting in approximately 72 million
data points

 An LSTM-based time-series model is developed with:

* |Inputs: Voltage, Current, Temperature
» Qutput: State of Charge (SoC)

* A sliding input window (last 20 values) captures temporal
dependencies

« Data is split per cell: one for training, one for validation, and
one for testing
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 Model performance is evaluated using MAE, RMSE,
MAPE, and R?

* Fig. 4 shows the model performance on testing data

 The model accurately predicts with an error of 2-5% In
most cases and below 10% in all cases
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Fig. 3. Workflow of the data-driven SoC estimation framework.
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Fig. 4. Model performance on test data. MAPE, RMSE, and MAE demonstrates an overall
prediction error within 2-5% across diverse operating conditions.

Conclusion

« The LSTM model trained on field data accurately
predicts SoC, achieving MAE = 0.41, RMSE = 0.74,
MAPE = 0.01, and R? = 0.99 testing data

* Next step: train and evaluate the SoC model on
different battery chemistries

* Future work: deploy the SoX models in a BMS digital
twin and assess real-time performance
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