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Efficiency improvement of PINNs inverse analysis by extracting spatial features of data
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Increasing frequency of heavy rainfalls have been drawing attention to expected flood and sediment disasters,
which are often modeled as single-phase flow for simplicity; however, it is challenging to estimate the
equivalent material parameters as empirical laws and man-powered iterations are introduced. In this context,
we focus on PINNs (Physics-Informed Neural Networks) applicability to inverse problems and investigate the
improvement by data sampling measures. We present its accuracy is improved with the use of POD (Proper
Orthogonal Decomposition) to extract spatial features, instead of the conventional random sampling.
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Fig. 1 Problem setup
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Fig. 2 Schematic of proper orthogonal decomposition
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Table 1 Summary of density (p) estimate
(Mean + standard error X 10~°)

p Random POD (Ours)
Estimate (kg/m?) 1.0128 £+ 1.37 1.0117 £ 1.14
Error (%) 1.28 1.17

Table 2 Summary of kinematic viscosity (V) estimate
(Mean =+ standard error X 10~%)

v Random POD (Ours)
Estimate (m?/s) 0.01128 + 7.62 0.01106 + 8.58
Error (%) 12.79 10.62
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