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Development of a Machine Learning Model for Estimating the Internal Resistance of

Batteries in Electric Vehicles
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Abstract

Estimating a battery's internal resistance is essential for
improving the safety and efficiency of energy storage systems,
as it facilitates the swift identification of operational conditions
and deterioration.  Nonetheless, traditional measurement
techniques are constrained by latency and the requirement for
specialized apparatus. This research constructs a machine
learning model to assess internal resistance utilizing voltage and
current data. Experimental results demonstrate that the model
attains a mean absolute percentage error below 4% and a
coefficient of determination (R?) of 0.95, signifying good accuracy
and robust correlation.  The results indicate the model's

significant potential for use in battery monitoring systems.
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