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Fig. 2 Charging and discharging cycle information

and IC curves of NASA-B0005
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Adaptive Boosting and Ensemble Learning-Based
State of Health Prediction Method for Lithium-Ion Batteries

ZHANG Yan, ZHENG Jianfei, ZHANG Xin, HAN Qihui, TU Rui
(Rocket Force University of Engineering, Xi’an 710025, China)

ABSTRACT: To address the problems of strong nonlinearity, complex features, and limited generalization ability of
a single model for the lithium-ion battery degradation process, a state of health (SOH) prediction model based on
adaptive boosting (AdaBoost) and ensemble learning was proposed. First, multidimensional features, such as the
amplitude, position., and area, were extracted from the incremental capacity and charge-discharge temperature
curves of batteries. Eight types of health indicators were constructed, and the effectiveness of each was verified
using a Pearson correlation analysis. Second, a convolutional neural network was used to extract local degradation
features, and a bidirectional gated recurrent unit was adopted to characterize the dynamic evolution law of battery
degradation. A self-attention mechanism was introduced to enhance the ability of the model to perceive key degra-
dation information. These three modules jointly formed a weak learner, which was further integrated into a strong
predictor through the AdaBoost ensemble strategy, thereby improving the prediction accuracy and robustness of the
model. Finally, the proposed method was validated on three datasets, namely NASA, CALCE, and Oxford. The
results show that the proposed method achieves high prediction accuracy and strong generalization ability. It can
accurately track the full-life-cycle SOH degradation trajectory of batteries and effectively reduce error fluctuations
in the later aging stage, with mean absolute error and root mean square error values as low as 0. 002 913 and
0.004 146, respectively. In addition, the proposed algorithm requires only 10% of the complete operation data of
the target battery to achieve high-precision SOH prediction in cross-dataset transfer scenarios.
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