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State of Charge Estimation of Li-ion Batteries Based on Double
DQN and Extended Kalman Filters
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Abstract: In order to improve the accuracy of the state of charge (SOC) estimation of the Li-ion battery, a Li-ion batteries
state of charge estimation algorithm based on double depth Q network (double DQN) and extended Kalman filters (EKF) is
proposed in this article. The second-order RC equivalent circuit model was selected as the research object, state-space model
of coefficient of variation of the Li-ion battery was structured by EKF algorithm. Moreover, combined with the idea of deep
reinforcement learning, a reinforcement learning extended Kalman filters algorithm was structured, which designed a double
DQN and optimized the EKF parameters. Compared with DQN extended Kalman filter algorithm, double DQN extended
Kalman filters has better convergence, adaptive ability and better estimation accuracy through simulation.
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