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State-of-Charge Estimation of Lithium-ion Battery Based on Informer
and Its Sparse Optimization Method
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(School of Information Engineering, Inner Mongolia University of Science and Technology, Baotou, Inner Mongolia 014010, China)

Abstract:  Accurate estimation of the state of charge (SOC) is an important basis for extending the battery life and en-
suring the safety of electric vehicles. Traditional deep learning estimation methods suffer from inefficient parallelization and
lengthy training time. To this end, the Informer model based on the self-attention mechanism is used to estimate the battery
SOC, which reduces the time complexity of the traditional self-attention and training time, increases the hardware usage. It
is more accurate than other deep learning methods. However, the Informer model still has the problems of large and redun-
dant parameters, therefore a sparse optimization method is proposed. The iterative magnitude pruning method based on the
lottery ticket hypothesis is used to sparse the Informer, highlighting the dominant attention feature and improving model es-
timation accuracy while reducing parameter redundancy. The proposed sparse-Informer’ s root mean square error and mean
absolute error are 0.383 0% and 0.285 8% at room temperature, respectively. The mean absolute error is decreased by 25%
compared to Informer model. Additionally, the generalization ability to estimate the SOC across other lithium-ion battery
types is confirmed. When performing battery SOC estimation, this model outperforms other established deep learning mod-
els in terms of training speed, estimation accuracy and stability.
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