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Abstract

Fluid dynamics, anchored in the Navier-Stokes equations, is pivotal to aerospace, biomedical engi-
neering, and environmental science. Traditional computational fluid dynamics (CFD) relies on dis-
cretization techniques to address complex flows, yet struggles with escalating computational costs
in high-dimensional, high-Reynolds-number scenarios, where mesh dependency limits efficiency,
and accuracy falters with noisy data or inverse problems. Physics-Informed Neural Networks (PINNs)
introduce a new paradigm by embedding physical laws into deep learning frameworks, offering a
mesh-free, data-efficient approach that unifies forward predictions and inverse inference. This re-
view synthesizes recent advances in PINNs for fluid dynamics, spotlighting their prowess in recon-
structing flow fields from sparse data, capturing multiscale features, and tackling complex geome-
tries—exemplified by applications in three-dimensional wake simulations, supersonic shock cap-
turing, and blood hemodynamics. Innovations such as domain decomposition, adaptive sampling,
and loss function optimization enhance computational efficiency and robustness, extending PINNs’
potential to multi-physics coupling and non-Newtonian flow modeling. Nevertheless, challenges
persist, including training instability in high-Reynolds-number turbulence, computational resource
demands, and limited interpretability. Future progress, driven by algorithmic refinements, uncer-
tainty quantification, and integration with experimental data, positions PINNs to surpass tradi-
tional CFD, heralding a new era of intelligent, precise computational fluid dynamics.
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Figure 1. PNN Architecture: The input consists of spatial coordinates X =(x,y,z) and time t, while the output in-
cludes velocity U =(u,v,w) and pressure p. Physical laws are represented by the incompressible Navier-Stokes (N-

S) equations and are expressed using automatic differentiation operators
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