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Application of Physics-informed Neural Network to Ground Consolidation Analysis
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The PINN is known to have enough prediction accuracy even with uncertain data such as low number of data
and noise by using physical governing equations as a prior condition. In adapting to the ground consolidation
equation to derive the excess pore water pressure distribution, an appropriate analysis cannot be performed due
to the large difference in the order of soil parameters. Therefore, we proposed a method of taking the
regularization using the similar rules, discovering appropriate values of batch size and number of epochs, and
the effectiveness of the regularization was shown. In addition, the inclined placement of the colocation points,
that dense collocation points in the region where the gradient of the solution space is large, was verified. As a
result, it was shown that the prediction accuracy was improved, and that the calculation cost could be a little
reduced because the total number of collocation points could be reduced.
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Fig. 1 Structure of PINN
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3. EEAEXDKE Table 1 Normalization of PDE parameters
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