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Fig. 1 Flowchart of the CNN-BIiLSTM and DA-SAM-based battery state prediction method
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Multi-State Joint Prediction Method for Lithium-Ion Batteries

LIU Hanru ', ZHI Pengpeng ">, RONG Hao’, JIAO Sheng'. YANG Changlin’

(1. Yangtze Delta Region Institute (Huzhou) ,

University of Electronic Science and Technology of China, Huzhou 313000, China;
2. Institute of Electronic and Information Engineering in Guangdong,
University of Electronic Science and Technology of China, Dongguan 523808, China;
3. PLA Army Services University, Hefei 230031, China;

4, Hufan Automobile Electronic System Co. Ltd. , Huzhou 313309, China;

5. Tianneng Battery Group (Huzhou) Co. Ltd. , Huzhou 313099, China)

ABSTRACT: To address the challenge of joint prediction of lithium-ion battery state of health (SOH), state of
charge (SOC), and state of energy (SOE), a joint prediction method based on convolutional neural network-bidi-
rectional long short-term memory (CNN-BiLSTM) was proposed. First, to overcome the redundancy and strong
correlation of multidimensional health features in charge/discharge operational data, multi-dimensional feature pa-
rameters reflecting battery states were analyzed, and kernel principal component analysis method was employed for
nonlinear dimensionality reduction. Thus, a low-dimensional feature space was constructed to characterize battery-
degradation properties. Consequently, a convolutional neural network was utilized to extract local temporal features
of data, and a bidirectional long short-term memory network was incorporated to mine forward and backward corre-
lation information during degradation. A degradation-aware self-attention mechanism and weighted mean squared
error loss function were introduced to enhance the ability of the model to represent critical degradation features in
the later stage of battery aging and increase sample attention. Finally, the predicted SOH was incorporated as a dy-
namic boundary constraint into the SOC and SOE estimation processes, establishing a closed-loop multi-state joint
prediction framework. Experimental results on the NASA lithium-ion battery dataset demonstrate that the pro-
posed method achieves a root mean square error of 0. 013 8 for SOH prediction, which is a reduction of 27. 7%
compared to the suboptimal method DAE-CNN-BIiLSTM-Attention. In the multi-state joint estimation, the predic-
tion root mean squared error values for both the SOC and SOE reach 0. 003 1, representing reductions of 26, 19 %
and 39.22% ., respectively, compared to the suboptimal method. The proposed method can effectively track the
battery degradation trend while enabling accurate multi-state joint predictions.

KEYWORDS: lithium-ion battery; battery state of health; convolutional neural network; long short-term memory

network; state prediction
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