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Abstract: To address the limitations of traditional finite element methods (FEM) in transformer
winding temperature evaluation, such as high computational costs, slow solution speeds., and
poor suitability for engineering applications, a fast calculation method for steady-state thermal
flow fields in transformers is proposed based on a physics-informed deep operator network (PI-
DeepONet). This method achieves high-precision and high-efficiency calculation of thermal flow
fields. The distribution characteristics of the thermal flow fields in transformer windings under

various operating conditions were obtained via numerical simulations, and a high-quality dataset

Wk H . 2025-09-01, EE R ZEHRZEA999—) . B WA FHTGEBMES . & R824 S0, Ik
W H.: TR A TS &R % B (2021B0101190003); B 5 ML M A PR A A OB ES R % % B Wi H
(GDKJXM20222106)

2% BB A . 2026-04-03 2% 1 AR ik . https: // link. enki. net/urlid/61. 1069. t. 20260403, 1414, 002



]

PR MG YA B S R BT 4 I TR 4 S 2 - b s By 1k

was constructed. By integrating the DeepONet architecture with physical constraints, a network
comprising branch and trunk components was designed. The heat conduction and fluid continuity
equations were incorporated into the loss function as physical constraints, enabling accurate
prediction of the steady-state thermal flow field in transformer windings. Calculation case results
demonstrate that under a hyperparameter configuration featuring a 7-layer depth, a 50-unit
width, a learning rate of 0.01, a Tanh activation function, and the Adam optimizer, the mean
absolute errors (MAE) for temperature, pressure, and radial/axial flow velocities are 0.1 °C,
5.03 Pa, 0.006 1 m/s, and 0. 003 6 m/s, respectively. Relative errors for over 95% of the nodes
are below 0.7%. Furthermore, a single prediction takes only 0. 12 s, representing a speedup of
approximately 10 000 times compared to Fluent-based numerical simulations. The proposed
method significantly enhances computational efficiency while maintaining prediction accuracy of
the thermal flow fields, supporting the rapid simulation requirements of thermal management and
digital twin applications for transformers.

Keywords: deep operator network; physical information; power transformer; thermal flow field
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Fig. 1 Deep operator network basic structure
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