
Physics-informed Neural network-based estimation of magnetic 

losses in ferrites using physical parameters  

Javier Milla Benito, F. José Pérez Cebolla, Carlos Bernal Ruiz, 

Alfonso Latre Gayán, María Teresa Maza Luengo, Carlos Ríos Ferrer

475124@uniar.es 

3. Experimental Results

[1] C. P. Steinmetz, “On the law of hysteresis,” Trans. AIEE, vol. 9, pp. 3–64, 1892 (reimpr. Proc. IEEE, vol. 72, no. 2, pp. 197–221, 1984).

[2] K. Venkatachalam, C. R. Sullivan, T. Abdallah and H. Tacca, “Accurate prediction of ferrite core loss with nonsinusoidal waveforms using only Steinmetz parameters,” in Proc. IEEE

COMPEL, 2002, pp. 36–41.

[3] H. Li, D. Serrano, T. Guillod et al., “MagNet: An open-source database for data-driven magnetic core loss modeling,” in Proc. IEEE APEC, Houston, TX, 2022, pp. 588–595.

[4] H. Li, D. Serrano, S. Wang and M. Chen, “MagNet-AI: Neural network as datasheet for magnetics modeling and material recommendation,” IEEE Trans. Power Electron., vol. 38, no.

12, pp. 15846–15860, 2023.

[5] D. Serrano, H. Li, S. Wang and M. Chen, “Why MagNet: Quantifying the complexity of modeling power magnetic material characteristics,” IEEE Trans. Power Electron., vol. 38, no.

12, pp. 15861–15873, 2023.

[6] M. Chen, H. Li, D. Serrano et al., “MagNet Challenge for data-driven power magnetics modeling,” IEEE Open J. Power Electron., vol. 5, pp. 1687–1703, 2024.

[7] M. Raissi, P. Perdikaris and G. E. Karniadakis, “Physics-informed neural networks: A deep learning framework for solving forward and inverse problems involving nonlinear PDEs,” J.

Comput. Phys., vol. 378, pp. 686–707, 2019.

[8] Y. Guo, Z. Li, X. Wang et al., “A physics-informed neural network with hybrid architecture for magnetic core loss prediction,” Magnetochemistry, vol. 12, no. 1, Art. no. 7, 2026.

A physics-informed neural network (PINN) has been developed and validated for the estimation of magnetic losses in ferrite cores

under arbitrary excitations. The network learns seven permeability model parameters and computes the dissipated power through a 

physics-based parametrization. The model achieves a mean error below 5% across the materials in the MagNet dataset, effectively 

combining the accuracy of machine learning with the interpretability of physical modeling.
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Magnetic losses in ferrite cores constitute one of the main limiting

factors for the efficiency and power density of modern switched

converters. The Steinmetz equation and its extensions- such as the

improved Generalized Steinmetz Equation- provide compact and

widely used formulations; however, they exhibit a systematic

degradation in accuracy when the excitation departs from sinusoidal

waveforms. Trapezoidal and triangular waveforms with high slew

rates, typical of power electronic converters, produce losses that are

significantly underestimated by the classical model.

Machine learning (ML)-based approaches have demonstrated

substantial improvements in loss prediction over datasets such as

MagNet. Nevertheless, purely data-driven models require large

volumes of samples per material and lack interpretability. The MagNet

Challenge 2023 has shown that models incorporating prior physical

knowledge achieve better performance with lower data requirements.

Physics-informed neural networks (PINNs) integrate physical laws

into the structure of the neural network. In this work, a PINN model is

proposed in which the output layer encodes the material permeability

model parameters.
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