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Physics-Informed Neural Networks (PINNs) for
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[ Abstract] In the research on the subject of heat transfer in phase change energy storage system, the temperature variation
within the unit region and the movement of phase change interface are of crucial importance to the entire research process.
However, resolving phase change heat transfer requires high resolution measurements and large scale computation, which increases
experimental complexity and resource costs. In order to resolve this issue, a physics-informed neural network (PINN) is employed
in the study and the PINN approach was trained on simulation data derived from physically based CFD simulations with
temperature distribution and interface capturing. This study systematically evaluates the applicability of PINN for phase change
heat transfer problems under limited training data conditions, by concurrently predicting both temperature variations and interface
evolution during the heat transfer process. The impact of activation function, learning rate, and network architecture on the
predictive accuracy of the PINN is also examined. The findings demonstrate that the PINN model accurately and efficiently
predicts both temperature evolution and phase change interface propagation, achieving Root Mean Square Error (RMSE) and Mean
Relative Error (MRE) of 6.32x107* and 0.3261 at individual probe locations, a domain-wide peak relative temperature error of only
8.94%, and remarkably precise capture of the moving interface. This confirms that the approach based on PINN effectively

reproduces the thermal behavior of the phase change heat transfer while saving computational resources and offering a powerful
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new avenue for phase change heat transfer research.
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Table 1 Schematic diagram of the phase change unit
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