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Abstract

This paper proposes a Physics-Informed Neural Network (PINN)-based solver for solving forward
and inverse problems in the Navier-Stokes equations. The method integrates deep neural networks
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with automatic differentiation techniques, directly taking spatial and temporal coordinates as in-
puts to predict fluid flow velocity and pressure fields. The core methodology involves constructing
a multi-objective loss function that incorporates residuals of the governing physics equations (mo-
mentum and continuity equations), boundary condition loss, and initial condition loss. Weight co-
efficients are introduced to balance the contributions of these components. The network utilizes
the hyperbolic tangent (tanh) activation function to accommodate the computational requirements
for high-order derivatives and is trained using the Adam and L-BFGS-B optimizers. This solver elim-
inates the need for mesh generation. Numerical experiments validate the effectiveness and robust-
ness of the proposed solver.
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Figure 1. Neural network architecture diagram
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Table 1. Kovasznay flow: Relative L, errors of velocity and pressure for varying numbers of hidden layers
= 1 BREZAFR: TRIBEEHEMNEENEDER L, RE

e e le. .2 e,
5 7.21e—4 6.24e—-3 2.63e-3
7 2.82e—4 4.16e—-3 2.15e-3
10 2.77e—4 2.16e-3 1.51e-3
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Table 2. Non-steady cylindrical flow: Relative L, errors of velocity and pressure for different numbers of hidden layers
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Table 3. Kovasznay flow: relative L, errors of velocity and pressure under ill-posed/perturbed boundary conditions
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Table 4. Errors of velocity, pressure, and inversed Reynolds number in flow fields at different Reynolds numbers
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