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Abstract: Estimating the state of charge (SOC) for lithium-ion batteries is a critical challenge
for enabling battery-management systems (BMSs) to achieve safe control and efficient
scheduling. The strong inherent non-linearity and time-varying parameters within batteries,
coupled with complex external operating conditions, impose inherent limitations on traditional
approaches: model-driven methods experience a sharp decline in accuracy when parameters
are mismatched, while purely data-driven methods are constrained by high data dependency
and the risk of lacking physical consistency. Physics-informed neural networks (PINNSs)
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represent a novel paradigm for embedding physical mechanisms. This approach offers an
innovative solution to the aforementioned challenges by embedding the governing equations
of battery physics models, such as equivalent-circuit models or electrochemical models, as
regularization constraints within the loss function. In this review, we introduce the theoretical
framework and design methodology of the PINN-SOC estimator in detail. A systematic
comparative analysis with physics-driven, data-driven, and data-physics hybrid approaches
demonstrates that the PINN method consistently maintains the root mean square error of
SOC estimation within a low range, while retaining high accuracy and the capability for
generalization under unknown operating conditions. Despite these notable strengths, the
engineering application of the PINN method still faces challenges, such as the issues of
training stability, weight-loss balancing, and computational efficiency. We expect future
research to overcome existing bottlenecks gradually by developing key technologies, like
adaptive-training algorithms and lightweight network architectures, thus positioning PINNs as
the optimal solution for next-generation intelligent BMS.

Keywords: physical information neural network; lithium-ion battery; state of charge

estimation; battery modeling; mechanism and data fusion
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Fig. 1 Existing lithium-ion battery SOC estimation methods and analysis
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