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Abstract

Focusing on the heat conduction equation, this paper investigates constant-type unknown parame-
ters and function-type unknown parameters at different positions, and provides statistical inver-
sion algorithms to complete numerical inversion experiments. Both methods can efficiently accom-
plish the inversion tasks and exhibit strong robustness in the presence of high-noise observational
information.
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Figure 1. Posterior probability density function of diffusion coefficient for in-
version
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Figure 3. Parameter update process of M-H inversion algorithm for problem P1
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Table 2. M-H algorithm inversion results for problem P1
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Figure 4. M-H algorithm inversion results for problem P2
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Figure 5. Inversion results of variant PINN algorithm for problem P2
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Table 4. Inversion errors of two algorithms for problem P2
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