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Accuracy of groundwater level simulation models
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Importance of input features in MLP and PINN models
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B This study proposes a novel groundwater level simulation model
based on Physics-Informed Neural Networks (PINNs), which
achieves high accuracy in simulating groundwater level variations.

B The proposed PINN model demonstrates strong physical
interpretability by embedding governing equations into the
learning process.

B The model cam not only accurately simulates groundwater levels
but also enables the inversion of missing hydrogeological
parameter values.
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