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for a Two-dimensional Block Wake
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Recently, a machine learning model called Physics-Informed Neural Networks (PINNs) was proposed to
address the black box problem of machine learning. This study applies PINNs to the flow field behind a
simple two-dimensional block and the model outputs the flow velocities in the block wake. The PINNs
can interpolate the flow velocities in the block wake with reasonable accuracy from a relatively small
amount of training data obtained by numerical simulations.
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