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Abstract

Power lead-acid batteries are widely used in factory production for vehicles such as forklifts, trolleys, and pallet trucks. They are the
main power source for logistics vehicles, and the scientific monitoring and management of battery charging and discharging processes
are related to the health and service life of batteries. A real-time monitoring system for the charging and discharging process of power
batteries has been designed based on IoT technology, which enables online collection of on-site data, optimizes the charging process,
serves battery health status estimation, and protects power batteries; Exponential smoothing is used for data preprocessing, Gaussian
regression, support vector regression, and random forest model are used for voltage data prediction and analysis, and the remaining
electricity is estimated based on current integration method. The system has been applied in Enshi Cigarette Factory, and it has
reference and guidance significance for the management and operation of charging workshops in similar factories.
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