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Fig. 1 Main aging mechanisms for lithium-ion batteries (LIBs)
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A label-free battery state of health estimation meth—

Review of Machine Learning-Based Methods for Lithium-ion Battery
State of Health Estimation with Limited Sample Data

LI Aihua, WANG Pengxiang, WANG Tao",

XU Xiaodong, XIANG Jijun
(Rocket Force University of Engineering, Xi’ an 710025, China)

ABSTRACT: Accurate state of health (SOH) estimation of lithium—ion batteries is a key technology for
ensuring safe battery operation and health management. In practical applications, full-life-cycle battery ex-
periments involve long durations and high labeling costs, whereas real-world operating data are often char-
acterized by scarce labeled samples, sparse short—duration charging samples, and insufficient coverage of
operating conditions. Therefore, limited sample data has become a major factor restricting the accuracy and
generalization of machine learning—based SOH estimation. This study reviewed the current research status
of machine learning—based SOH estimation methods with limited sample data, focusing on the performance
differences of four categories of methods, including regression, shallow learning, deep learning, and trans-
fer learning. The methods were compared in terms of their estimation accuracy, computational complexi-
ty, deployment requirements, and applicability. The results show that regression methods have advantages
in probabilistic inference but suffer from high computational cost; shallow learning methods feature simple
structures but are limited in their extrapolation capability; deep learning methods excel in feature extraction
but rely heavily on the sample size; while transfer learning methods perform better under limited sample da-
ta, they still face problems such as negative transfer and training instability. Future research should focus
on unlabeled data mining, physical constraint integration, multimodal sensing, and practical deployment to
achieve robust, transferable, and interpretable SOH estimations for lithium—ion batteries.

KEYWORDS: lithium—ion battery; state of health estimation; machine learning; limited sample data;

data efficiency
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