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Abstract: To address the problems of insufficient nonlinear feature extraction, susseptibility to local optimum trapping in
parameter optimization and low prediction accuracy in lithium-ion battery remaining capacity prediction, and improve the
reliability of battery health management, this paper proposes a battery capacity prediction algorithm based on multi-kernel
support vector machine (SVM) optimized by chaotic step particle swarm optimization (CSPSO). A multi-kernel SVM model
integrating Laplacian kernel and radial basis function (RBF) kernel is constructed. The CSPSO algorithm is adopted for global
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optimization of key model parameters, and the reciprocal mean square error method is used to adaptively assign weights to
sub-models of kernel functions. The results show that, compared with the traditional PSO-based multi-kernel SVM prediction
method, CSPSO dynamically adjusts learning factors and step sizes via chaos theory, which effectively avoids local optima
and improves parameter optimization accuracy. In contrast to single-kernel SVM, the Laplacian kernel adapts well to
high-dimensional sparse data and accurately captures global battery degradation characteristics, while the RBF kernel is
sensitive to local nonlinear fluctuations and efficiently fits local capacity fading rules. The fusion of the two kernels greatly
enhances nonlinear feature extraction capability. The reciprocal mean square error method realizes adaptive weight allocation,
eliminates the performance averaging defect caused by equal-weight fusion, and boosts the overall prediction accuracy and
robustness of the model. The proposed CSPSO-optimized multi-kernel SVM capacity prediction algorithm can effectively
extract multi-dimensional and nonlinear battery degradation features with high parameter optimization precision and stable
prediction performance. It provides a novel and reliable approach for accurate remaining capacity prediction and health state
management of lithium-ion batteries.

Keywords: lithium-ion battery; remaining capacity prediction; multi-kernel support vector machine (SVM); chaotic step

particle swarm optimization (CSPSO) algorithm; Laplacian kernel function; radial basis function (RBF) kernel; reciprocal

mean square error method
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