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In recent decades, the field of computational fluid dynamics has made significant advances
in enabling advanced computing architectures to understand many phenomena in biological,
geophysical, and engineering fluid flows. Almost all research areas in fluids use numerical methods at
various complexities: from molecular to continuum descriptions; from laminar to turbulent regimes;
from low-speed to hypersonic, from stencil-based computations to meshless approaches; from local
basis functions to global expansions, as well as from 1st-order approximation to high order and spectral
accuracy. Many successful efforts have been put forth in dynamic adaptation strategies, e.g., adaptive
mesh refinement and multiresolution representation approaches. Furthermore, with recent advances in
artificial intelligence and heterogeneous computing, broader fluids community has gained momentum
to revisit and investigate such practices. This Special Issue, containing a collection of 13 papers, brings
together researchers to address recent numerical advances in fluid mechanics.

Murea [1] presented an efficient semi-implicit monolithic method to simulate fluid-structure
interaction problems within the Arbitrary Lagrangian Eulerian framework. The paper by
Mohebbi et al. [2] exploits an accurate implementation of Kutta conditions for the airfoils with
both finite angle and cusp trailing edges. Igbal et al. [3] focused on the non-linear Schrodinger
equation, and proposed a numerical method utilizing cubic B-spline Galerkin method. The paper by
Karakouzian et al. [4] is devoted to the numerical modeling of hydraulic fracturing process in pressure
tunnels. The authors performed a systematic finite element analysis to gauge guidelines for reducing the
possibility of hydraulic fracturing in hydroelectric power plants. Cremades Rey et al. [5] concentrated
their attention to the uncertainty quantification of Reynolds-averaged Navier-Stokes models using the
open source package OpenFOAM. In their manuscript, Patel and Mathew [6] introduced a concept of
adaptive explicit filtering for implicit large eddy simulations. The core idea is to utilize a second order
accurate explicit filter in the presence of a discontinuity, and then gradually increase the order of explicit
filter at the grid locations away from this discontinuity. The paper by Butcher and Spencer [7] takes up
the concept of proper orthogonal decomposition (POD) for the identification of coherent structures.
A new metric has been introduced for the selection of POD modes in reconstructing coherent or
incoherent features. Idrissi et al. [8] dealt with an atmospheric dispersion study in highly realistic urban
areas considering high level of details. They utilized large eddy simulations to explore the behaviour
of the released pollutants in various topological settings. The article by Guilizzoni et al. [9] investigates
the impact of multiple synchronized drops into a deep pool. In their paper, Bourantas et al. [10]
put forth a strong form meshless point collocation method for solving the unsteady incompressible
Navier-Stokes equations. Fakhari [11] considered to develop a wall model for large eddy simulations in
simulating either the body fitted or immersed boundary problems. The paper by Ahmed and San [12]
discusses a partitioning approach to break the Kolmogorov barrier in projection based reduced order
modeling of transient flows. Finally, Xie et al. [13] introduced a machine learning approach to model
the interaction between the resolved and unresolved modes in reduced order models.
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