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Research on the Life Assessment M ethod of Retired Power
Battery Based on CNN-LSTM

LI Haijun, Sudent Member, CPSS WU Ziyao, Member, CPSS WANG Hao
(School of Mechanical Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: Aiming at the problems of difficulty in extracting feature parameters of the life assessment model of
retired power batteries and low accuracy and low assessment efficiency in model improvement, the life assessment
model combining convolutional neural network (CNN) and long short-term memory (LSTM) network is improved by
adding input feature parameters that are easy to extract, without increasing the computational burden. The equal voltage
drop discharge time, equal temperature rise discharge time, and charging time during cycling of retired batteries are
selected as the input feature parameters of the CNN-LSTM life assessment model, and the proposed model has
improved accuracy and stability and is more efficient compared with the existing CNN-LSTM life assessment model. In
addition, in order to improve the efficiency of the model in evaluating the life of retired batteries, the effect of reducing
the proportion of training resources on the assessment results is explored, and it is found that when only 50% of the total
number of battery cycles is selected as the training set of the model, the accuracy and stability of the model assessment
can still be maintained at more than 99.00%.

Keywords: Retired power battery; convolutional neural network (CNN); long short-term memory (LSTM)
network; life assessment
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Fig. 4 Battery capacity estimation curveswith different characteristic parametersasmodel inputs
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Tab. 5 Comparison of model parameter sensitivity analysisresults
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