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Lithium-ion battery pack SOH estimation method based on
incremental energy and inconsistency features

Zhang Chaolong  Wang Anxiang Zhang Yan  Cheng Kaixin  Zhou Yujie

(College of Intelligent Science and Control Engineering, Jinling Institute of Technology, Nanjing 211169, China)

Abstract: To address the current challenge in accurately estimating the state of health (SOH) of lithium-ion battery packs, a high-
precision SOH estimation method integrating multi-scale features of the overall degradation and individual cell inconsistencies of the
battery pack is designed. In this method, a deep learning model convolutional neural network Kolmogorov-Arnold network-Bahdanau
attention ( CNN-KAN-BA) combining a convolutional neural network (CNN) , a Kolmogorov-Arnold network (KAN) , and a Bahdanau
attention ( BA) mechanism is proposed. In the proposed SOH estimation process, systematic aging experiments are first conducted on a
six-cell series-connected 18650 battery pack to obtain full life-cycle data. Then, the incremental energy analysis (IEA) method is
adopted to extract the incremental energy curve length feature that characterizes the overall degradation of the battery pack.
Simultaneously, the median absolute deviation of individual cell voltages within the pack and the temperature kurtosis are calculated as
key individual features reflecting the evolution of inconsistency. Thereby, a multi-scale feature set that comprehensively describes the
coordinated “overall-individual” degradation of the battery pack is constructed. The CNN-KAN-BA estimation model is trained using the
features from the training data and is validated with the test data. The results show that this method can achieve high-precision SOH
estimation, with a mean absolute error of 0. 587 4%, a root mean square error of 0. 699 0%, and an average coefficient of determination
higher than 98%, all of which are superior to other common SOH estimation methods. The proposed method can effectively solve the
problem of precise SOH estimation for lithium-ion battery packs.
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Fig.2  Graphs of current and voltage varying with time
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Fig. 8 The effect diagram of SOH estimation by
CNN-KAN-BA model
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Table 3 Estimated results of the test

data for each indicator (%)
MAE RMSE R?
0.587 4 0.699 0 98. 89
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Table 4 Various characteristic evaluation indexes ( %)

K IRHIE MAE RMSE R?
ST AR 0.587 4 0. 699 0 98. 89
PR 2.2676 2.962 9 79. 68
SRR 1.494 7 1.999 9 90. 74
1C A 2.108 4 2.648 9 83.75
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FERFIE R B, MAE 4 0. 587% ,RMSE 4 0. 699% , R’
ik 98. 89% , o A = BUAG A BEFISULG BE L 1H 7S
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SOH estimation effects
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Table 5 Evaluation indexes of each model (%)
LY MAE RMSE R?
CNN-KAN-BA 0.587 4 0.699 0 98. 89
CNN-KAN 0.897 6 1.099 7 97.26
CNN-LSTM 0.917 2 1.099 4 97.26
KAN 1.647 0 1.896 5 91. 86
LSTM 1.369 1 1.597 6 94.22
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Fig. 10 Comparison of SOH estimation effects of each model
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Fig. 11 Comparison of SOH estimation effects of each model
* 6 HEETIHISR
Table 6 Evaluation indexes of each model (%)
B MAE RMSE R?
CNN-KAN-BA 0.587 4 0.699 0 98. 89
CNN 1.867 3 2.300 3 88. 02
CNN-BA 1.101 1 1.398 7 95.57
KAN 1.647 0 1.896 5 91. 86
KAN-BA 1.511 2 1.755 8 93.02
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