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I mproved CNN-Seq2Seq Joint Estimation M ethod for SOC
and SOH of Batteries
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(College of Electrical and Electronic Engineering, Hubel University of Technology, Wuhan 430068, China)

Abstract: To ensure the long-term safe and stable operation of electric vehicles and reduce the failure rate of
lithium-ion batteries, aimed at the issue of whether the battery management system of electric vehicles can accurately
and effectively detect the two important parameters of batteries, i.e., state-of-charge (SOC) and state-of-health (SOH),
an improved convolutional neural networks-sequence-to-sequence (CNN-Seq2Seq) neural networks joint estimation
method for the SOC and SOH of lithium-ion batteries based on CNN-long short-term memory (CNN-LSTM) neural
networks was proposed. The results of comparative experiments on the public data set show that the proposed method
improves the stability and accuracy of SOC and SOH estimation results for lithium-ion batteries.

Keywords: State-of-charge (SOC); state-of-health (SOH); convolutional neural networks (CNN); sequence-to-

sequence (Seq2Seq); lithium-ion battery; deep learning
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Tab. 1 Results of Pearson correlation analysis
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