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Abstract


[bookmark: _GoBack]Estimating the state of charge (SOC) is essential for maintaining the performance of batteries and expanding the lifespan of batteries. Many SOC estimation methods have been studied for decades; however, it is still difficult to precisely estimate the SOC, because it is nonlinear and affected by many factors, including the battery state and charge-discharge conditions. The extended Kalman filter (EKF) is generally used for SOC estimation, but its accuracy can be reduced due to the uncertain and inaccurate parameters of battery models and due to the various factors with the different time scales affecting the SOC. Herein, a SOC estimation method based on the EKF is proposed to obtain robust accuracy, where the errors are compensated by a long short-term memory (LSTM) network. The proposed approach trains the errors of the EKF results, and the accurate SOC is estimated by applying calibration values corresponding to the condition of the battery and its load profiles with the help of LSTM. Furthermore, a multi LSTM structure is implemented instead of the single LSTM structure, and it adopts the ensemble average to guarantee the estimation accuracy. The proposed method was verified by comparing a series of experiments using a battery pack with 90 cells. SOC estimation with a Root Mean Square Error of less than 1% was found to be near that of a real SOC calculated by coulomb counting. Moreover, once the EKF model was established and the network trained, it was possible to predict the SOC online. The contributions of the proposed novel method in this paper are summarized as follows. (1) Despite the use of the SOC–OCV model for estimating the SOC state, this novel method can estimate the accurate OCV and SOC right after battery discharge without any rest period to observe the OCV. (2) It is possible to reduce the influence of the model parameter uncertainty and the SOC–OCV model error, which has a profound effect on the SOC estimation in existing model-based methods. (3) Using multiple LSTM network structures and a sort of ensemble average, phenomena occurring over a relatively long period of time (e.g., aging, non-homogeneity in the electrochemical state between cells) as well as phenomena occurring immediately (e.g., changes in temperature) can be reflected in the SOC estimation. 	Comment by Author: 
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