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Modeling compressible fluid phenomena using physics-informed neural networks
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Abstract
An oblique shock wave problem was modeled by using a physics-informed neural network (PINN) based on two-
dimensional steady compressible Euler equations and an equation of state. The conditions are a uniform flow at Mach
number 2.0 passing through the slanted wall with an angle of 10 degrees. The estimation results of the PINN model showed
good agreement with the theoretical solution. The PINN model demonstrated high accuracy in capturing thediscontinuities.
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