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A review of health state assessment for retired power batteries in the context of cascade utilization

Mengting Chen

School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing, Jiangsu

[ Abstract] With the rapid development of the new energy vehicle industry, the world is witnessing the first wave
of power battery retirements. Battery cascade utilization, as a key pathway to maximizing the residual value of retired
batteries and alleviating environmental and resource pressures, faces a core challenge—ensuring safety and reliability
during secondary use. This paper provides a systematic review of research on health state assessment of retired power
batteries in the context of cascade utilization, focusing on three key aspects. 1. It analyzes the advantages and limitations
of aging feature modeling methods such as electrochemical models and equivalent circuit models, highlighting their
inadequacy in addressing the high heterogeneity and nonlinear degradation of cascaded batteries. 2. It explores parameter
identification approaches, summarizing the progress and bottlenecks of experimental-driven, data-driven, and intelligence-
driven methods in handling high-dimensional and dynamically varying parameters. 3. It reviews health assessment methods
based on direct testing, model-driven, and data-driven frameworks, emphasizing the potential of emerging physics-
informed neural networks for integrating physical mechanisms with data intelligence. Finally, this paper summarizes the
challenges in multi-scale mechanism modeling, dynamic parameter identification, and interpretability of health assessment
methods, and provides insights into future research directions.

[ Keywords] Cascade utilization; Retired power battery; Health state assessment; Battery modeling
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