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Abstract: To address the limited representation capability of individual health features and
the high training complexity and computational cost of deep learning models for lithium-ion
battery state-of-health (SOH) estimation, this study proposes an SOH estimation method
based on multi-feature fusion and a one-dimensional convolution-enhanced broad learning
system (CBLS). Firstly, cycle number and statistical features of charging energy and
temperature are extracted from the constant-current charging stage. Pearson correlation
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analysis is employed to select cycle number and mean charging energy, both of which exhibit
strong linear correlations with SOH, while mean surface temperature is introduced as a
complementary health feature. Accordingly, a multi-feature input integrating cycle number,
mean charging energy, and mean surface temperature is constructed. Secondly, one-
dimensional convolutional enhancement nodes are incorporated into the conventional broad
learning system to integrate random mapping features with convolutional enhancement
features and extract local degradation information across adjacent cycles. The output weights
are then analytically determined in a single step using the Moore-Penrose pseudoinverse,
enabling rapid SOH estimation without backpropagation. Compared with CNN, BiLSTM, and
CNN-BiGRU methods, experiments on cycling-aging Datasets A and B collected from Lishen
18650 lithium-ion batteries show the root mean square error (RMSE)of the proposed CBLS
was significantly reduced by 92.52% and 93.67%, 83.35% and 93.49%, 92.93% and 92.13%,
respectively. The ablation experimental results under different feature combinations
demonstrate that the proposed CBLS with three types of feature fusion achieves the lowest
estimation error on both datasets. Tests on 23 batteries aging data samples from the publicly
available XJTU datasets demonstrate that an average mean absolute error (MAE) of the
CBLS method are 0.178% and 0.259%, respectively. Also, the CBLS still achieved low
estimation errors under different cycling rates. The proposed CBLS method effectively
integrates complementary battery degradation information and achieves high SOH estimation
accuracy with favorable generalization capability across the evaluated batteries and operating
conditions.

Keywords: lithium-ion battery; state-of-health estimation; multi-feature
dimensional convolution; broad learning system
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Figure 7 Partial operating data and curves of surface temperature, voltage, energy variation, and capacity
attenuation during the constant-current charging stage
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Figure 8 Scatter plot of battery feature and available capacity estimation method
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Figure 9 Mean validation MAE of the CBLS model
under different hyperparameter combinations
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Table 3 Performance indicators of different
estimation models for battery state of health
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Table 5 Performance indicators of different
estimation models for battery state of health
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Figure 12 Comparison of prediction errors and testing efficiency of different models on the XJTU public
battery datasets
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