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In this study, we evaluated the applicability of Physics-informed Graph Convolutional Neural Networks (PI-GCNs)
for groundwater flow modeling. The PI-GCNs was trained to approximate the solutions of groundwater flow
equations using a semi-supervised learning approach. A limited number of simulation results obtained from
numerical simulation were used as labeled data for the training process. The estimation accuracy of the PI-GCN was
evaluated by comparing its results with analytical solutions. The findings demonstrated that the PI-GCN has the
potential to predict the solutions of groundwater flow equations accurately. Moreover, the PI-GCN outperformed

Feedforward Neural Network-based PINN in terms of prediction accuracy. These results show the high applicability

of PI-GCNs for groundwater flow modeling.
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Prediction vs Ground Truth (t=035000 [s])
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