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Sate-of-health Estimation for Lithium-ion Battery Based on
Hunter-prey Optimizer Algorithm and Long Short-term
Memory Neural Network

WANG Tinghua, YAN Bo, WU Jingyun, HE Darui
(Economic and Technological Research Institute, State Grid Jiangsu Electric Power Co., Ltd., Nanjing 210000, China)

Abstract: The state-of-health (SOH) of batteries is an important indicator for evaluating their performance. Aimed
at the difficulty in accurately estimating the SOH of batteries, a novel SOH estimation method for lithium-ion batteries
was proposed by combining the hunter-prey optimizer (HPO) algorithm and long short-term memory (LSTM) neural
network. Through the analysis of influences of current and temperature on the incremental capacity (IC) curve, the peak
value of the highest peak in the IC curve and the corresponding voltage, temperature and current were introduced
as the model input, and the dynamic parameters of LSTM neural network were adjusted using the HPO algorithm.
Finally, the battery charging and discharging data under the condition of peak cutting and valley filling in the
environment of energy storage were used for experimental verification. Results indicate that the SOH estimation
method for lithium-ion batteries based on HPO-LSTM neural network has higher estimation accuracy compared
with the traditional LSTM network methods, and it also has good robustness under different network training
amounts.
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