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Abstract

Inverse heat conduction problem is widely used in earth science, medicine and other fields. In this
paper, based on embedded physical mechanism neural network (PINNs), a numerical method for
parameter inversion of heat conduction equation in three-dimensional bounded domain is studied.
A three-dimensional parameter identification model is established, and an algorithm based on PINNs
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is proposed to solve the parameter inversion problem of three-dimensional steady-state heat conduc-
tion equation in cube region. Through simultaneous inversion of heat transfer coefficient and global
temperature value, high precision identification of thermal physical property parameters is realized.
Under the condition of noisy data, the error accuracy of heat transfer coefficient inversion is controlled
atthe order of 10-4, which proves that the algorithm has good anti-noise performance for ill-conditioned
problems.
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Figure 1. Technical route of solving PDE based on PINNs
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Figure 2. Neural network structure diagram of inverse problem of heat conduction equation
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Figure 3. Configuration point selection method
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Table 1. Algorithm for solving parameter inversion problems using PINNs
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Figure 4. Schematic diagram of a 3D cube
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Table 2. Experimental results of different activation functions at different layer numbers
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Figure 5. Loss function iteration diagram of piecewise constant parameter inversion problem
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