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SOH Estimation of Lithium-ion Battery Based on Residual
Connection and Conv-LSTM
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Abstract: Lithium-ion batteries are usually taken as energy storage components to realize the storage and
utilization of electrical energy, and an accurate estimation of their state-of-health (SOH) can provide a theoretical basis
for their actual applications. However, SOH is difficult to measure directly. To estimate the SOH of lithium-ion
batteries accurately and conveniently, a model for estimating the SOH of lithium-ion batteries is proposed based on
residua connection and convolutional long short-term memory (Conv-LSTM) networks from the perspective of data
driven. This method is based on residual connection, Conv-LSTM and convolutional neural networks, and it uses the
voltage, current and capacity during the charging process of a lithium-ion battery to realize the SOH estimation in its
service cycle. The experimental results on multiple battery test datasets show that compared with those of the existing
models with better estimation effects, the estimation result of the SOH estimation model based on residual connection
and Conv-LSTM was more accurate, and the maximum percentage error and mean absolute percentage error of SOH
estimation on the test dataset were less than 3.3% and 1.7%, respectively.

Keywords: Lithium-ion battery; state-of-hedth (SOH) estimation; residual connection; convolutional long
short-term memory (Conv-LSTM) network
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