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Lifetime prediction of lithium batteries based on ANPSO-MKRVM
ZHU Jungi, WANG Xianlin, ZHANG Hao, LIU Kai

( College of Machinery and Automation, Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract; Lithium battery has many advantages, is widely used in civil and military fields, with its increasing application and rapid
development of the industry, battery scrapping treatment urgently needs to be solved, research its remaining service life, predict the
failure time in advance is particularly important. Correlation vector machine (RVM) is widely used in life prediction. Kernel
function, as a key part of RVM, has great influence on the prediction result. In this paper, an adaptive neighborhood particle swarm
optimization ( ANPSO) algorithm is proposed to improve the prediction accuracy of the multi—core correlation vector machine
(MKRVM) model by optimizing the predictive performance of the traditional particle swarm optimization RVM model, and the
model is applied to the prediction of the cycle remaining life of pre - lithium—ion batteries. The ANPSO-MKRVM model was
verified by using the NASA battery degradation dataset. The results show that the root—mean-square error and mean absolute error
of the proposed model are smaller than the traditional PSO-MKRVM model and the traditional RVM model.
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Table 1 Input and output after phase space reconstruction

Bin s g A x(i) B v (i)
1 x(1),x(2), - ,x(m) x(m + 1)
2 x(2),2(3), -, x(m+1) x(m+1+7)

n-m-71+1 #n-m-r+l), x(n)

x(n-m-7+2),,x(n-7)
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Fig. 1 Flow of the MKRVM model optimized by ANPSO
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Fig. 2 NASA Battery capacity degradation curve
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Fig. 3 Predicted results using ANPSO-MKRVN
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Table 2 Prediction error by three methods

o ANPSO-MKRVM PSO-MKRVM RVM
5
RMSE R? MAE RMSE R? MAE RMSE R? MAE
B5 0.023 2 0.9379 0.018 8 0.026 8 0.919 8 0.022 1 0.030 5 0.907 2 0.023 4
B6 0.028 2 0.968 1 0.021 1 0.032 4 0.956 9 0.0250 0.047 7 0.914 0 0.039 4
B7 0.018 9 0.954 1 0.014 9 0.020 5 0.946 4 0.0159 0.020 8 0.948 1 0.015 8
B18 0.021 2 0.926 5 0.016 9 0.021 5 0.924 4 0.017 2 0.0259 0.889 1 0.018 6
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