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ABSTRACT

Bluff-body flows combine early separation, coherent wake organization, vortex shedding, and strong sensitivity to geometry, Reynolds
number, inflow condition, and three-dimensional transition. These features make them both canonical fluid-mechanics benchmarks and
demanding targets for neural-network-based modeling. This review provides a representative, physics-oriented synthesis of neural-network
approaches for bluff-body flows. Instead of organizing the field by architecture or prediction task, the review asks which wake mechanisms
current models represent and which validation evidence makes those claims trustworthy. It examines how current models represent separa-
tion, wake topology, pressure-wake coupling, coherent shedding, turbulence statistics, closure behavior, and flow-control mechanisms. We
discuss data sources, flow representations, model classes, validation practices, and practical uses in surrogate prediction, reconstruction,
monitoring, control, and digital-twin-type workflows. The review emphasizes that low numerical error by itself does not establish physical
learning, and argues for validation based on topology, spectra, force response, uncertainty, generalization, and interpretable mechanism
evidence.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0351690

I. INTRODUCTION organization with strong local variability, which makes predictive
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Bluff-body flows remain one of the most canonical and persis-
tently challenging problems in fluid mechanics. Despite the appar-
ent geometric simplicity of typical configurations, such as circular
and noncircular cylinders, prisms, and other block-like bodies
immersed in crossflow, the resulting dynamics involve boundary-
layer separation,’ ~ free-shear-layer instability," ® unsteady wake
formation,”® and a broad range of coherent and turbulent struc-
tures.” "' These flows have therefore long served as benchmark
systems for theoretical analysis, experimental investigation, and
numerical simulation, from the classical studies to modern investi-
gations of wake instability, three-dimensional transition, and turbu-
lence.'”'* Their enduring importance lies in the richness of the
underlying physics and in the coexistence of robust large-scale

modeling intrinsically nontrivial.

From an engineering perspective, bluff-body flows are central to
a wide range of practical problems, including pressure-drag-domi-
nated aerodynamics,'g‘l“ vortex-induced vibration of marine and off-
shore structures,””> aeroacoustics associated with unsteady
separation,” °° and wind loading on buildings and industrial installa-
tions.””*” In many of these applications, models must predict global
quantities such as drag, lift, and shedding frequency together with
local flow features such as separation behavior, recirculation structure,
and wake development. However, as the objective shifts from single-
condition analysis to repeated prediction over broad parameter
spaces, traditional approaches face clear limitations.'>" "%
Experimental methods provide valuable physical realism, but are
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constrained by trade-offs among spatial resolution, temporal resolu-
tion, accessible measurement volume, and cost.'”** " High-fidelity
numerical simulations offer detailed flow information, yet direct
numerical simulation (DNS) is prohibitively expensive in most practi-
cally relevant regimes, while large-eddy simulation (LES) and
unsteady Reynolds-averaged Navier-Stokes (URANS) approaches
remain limited by computational cost and model dependence.”
These difficulties become especially pronounced in contexts such as
design optimization, uncertainty quantification, flow monitoring, and
control, where many-query or near-real-time prediction is
required.”””"**

Against this background, neural-network-based methods have
attracted growing attention because they can approximate high-
dimensional nonlinear mappings”” and can therefore support reduced-
order modeling, fast surrogate prediction, field reconstruction from
sparse measurements, and flow-aware control.”**" Their appeal in
bluff-body flow problems is not accidental. Bluff-body wakes often
exhibit recurring coherent structures, dominant frequencies, and par-
tially low-dimensional spatiotemporal organization, especially in canon-
ical laminar or weakly three-dimensional regimes such as periodic
vortex shedding,'” These features make such flows promising candi-
dates for data-driven compression and learning. At the same time,
bluff-body flows also expose fundamental limits of learning-based
approaches, because the apparent regularity of the wake can break
down with changes in Reynolds number (Re), geometry, inflow condi-
tions, and three-dimensional instability."" In this sense, bluff-body flows
provide a useful application area for neural networks and a demanding
testbed for examining what such models truly learn from complex
unsteady flows.”**"*

This combination of learnability and regime sensitivity makes
bluff-body wakes particularly informative for assessing machine-
learning models. Coherent shedding and partially low-dimensional
dynamics make prediction and reconstruction feasible, yet the same
organization can make narrow interpolation look more physically
meaningful than it is.”***** The learnability of canonical bluff-body
wakes is also consistent with the manifold hypothesis: although flow
snapshots are high-dimensional, coherent wake dynamics may
occupy a substantially lower-dimensional state space, which motivates
both linear reduced-order methods and nonlinear latent representa-
tions. ® > This low-dimensional structure, however, can change with
transition, three-dimensionality, turbulence, and geometry, limiting
transfer across wake regimes. This review therefore evaluates models
by the wake mechanisms and physical relationships they preserve:
separation and recirculation, shedding dynamics, pressure-force cou-
pling, three-dimensional transition, turbulent transport, closure
behavior, and control response, instead of organizing the evidence
primarily around architecture labels or scalar errors.

Recent surveys have organized the field around experimental
workflows,” operator learning and scientific simulation,”* turbulence
modeling, or control. This review instead synthesizes the bluff-body lit-
erature around wake mechanisms, validity domains, and the strength of
physical evidence. Accordingly, this scope covers three-dimensional
and turbulent wakes, learned closures, sparse reconstruction, control,
and practical workflows, while keeping canonical cylinder shedding as a
diagnostic baseline. In this review, physical learning refers to the preser-
vation of wake-relevant relationships among inputs, states, and outputs;
it does not imply that the network has recovered the Navier-Stokes

REVIEW pubs.aip.org/aip/pof

equations or an underlying causal mechanism. Evidence becomes
stronger as validation progresses from in-support field accuracy to
topology, dynamics and spectra, turbulence or closure behavior, held-
out regime transfer, and interpretable mechanism-level response.

The review first identifies the wake features that support or limit
learnability, then assesses data sources, model formulations, and evi-
dence quality. It subsequently examines how strongly current models
support mechanism-level claims across different wake regimes and
practical uses. The resulting framework is intended for prediction,
reconstruction, monitoring, closure, control, and digital-twin-type
applications within explicitly stated validity domains.

In this context, the review advances three connected arguments:
wake mechanisms should lead the assessment; current evidence is
strongest in canonical, data-rich coherent regimes; and trustworthy
use requires validation of wake topology, spectra, force response,
uncertainty, regime transfer, and mechanism-relevant behavior, in
addition to field accuracy.

Il. PHYSICAL CHARACTERISTICS OF BLUFF-BODY
FLOWS

This section briefly outlines the physical characteristics of bluff-
body flows. The aim is not to provide a comprehensive survey of
bluff-body wake physics, but to establish the key mechanisms that
dominate these flows, including separation, wake development,
coherent shedding, three-dimensional instability, and regime sensitiv-
ity. These mechanisms provide the physical basis for the later discus-
sion of neural-network formulations and, more importantly, for the
critical assessment in Sec. IV of how well existing neural-network
models capture the underlying wake physics. Figure 1 summarizes the
wake-physics elements used throughout this review.

A. Separation and canonical wake organization

The defining feature of bluff-body flows is early flow separa-
tion. On rounded bodies, adverse-pressure-gradient separation
and boundary-layer state strongly influence where the flow sepa-
rates; on sharp-edged bodies, geometry can impose separation
directly, as illustrated in Figs. 1(a) and 1(f). In both cases, a sepa-
rated wake forms behind the body and pressure drag becomes a
dominant contribution to the total aerodynamic force.**” This
basic picture has been established in the classical circular-cylinder
literature and remains central to modern reviews of bluff-body
wakes.'>”" Recent studies have emphasized that even this seem-
ingly canonical picture is often modified by geometric irregularity,
controlled laminar-turbulent transition, finite-body effects, and
external constraints such as blockage and wall proximity, all of
which can reshape the near-wake structure and alter the apparent
universality of separated-wake organization.' '’

Once separation occurs, the near wake contains detached shear
layers, recirculation and vortex-formation regions, and a progressively
recovering far wake, as illustrated in Figs. 1(a) and 1(b); its topology
depends on geometry, Re, and confinement.'"'*'"*>°! Recent reviews
have summarized how blockage and confinement modify wake devel-
opment for circular cylinders and broader bluff-body classes.”"”’
Separation location, recirculation length, base pressure, wake width,
shear-layer thickness, vortex-formation length, and force spectra are
therefore more informative validation targets than image similarity alone.
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FIG. 1. Flow-physics features of bluff-body wakes relevant to neural-network modeling. (a) Instantaneous two-dimensional near-cylinder flow around a circular cylinder at
Re ~ 10¢, showing boundary-layer development, flow separation, separated-shear-layer roll-up, and the associated wake deficit. The velocity profiles below the contour
illustrate the progression from an attached boundary layer to near-separation and locally reversed flow.'™® (b) Instantaneous planar Q > 0 wake structures for a circular-
cylinder configuration at Re ~ 10*. The contours identify vortical regions in the formation region and downstream von Karmén-type wake, with red and blue indicating the
sign of the spanwise vorticity wz.“ " (c) Schematic three-dimensional Q = Q iso-surfaces in the wake of a circular cylinder at Re ~ 10%, illustrating spanwise rollers,

streamwise rib-like connections, smaller formation-region structures, and downstream loss of coherence.

12.17,2655-5 (d) Canonical spanwise instability modes in circular-

cylinder wakes: Mode A occurs near Re ~ 190 with a characteristic spanwise wavelength 1z/D ~ 4, whereas Mode B occurs near Re =~ 230-260 with
Jz/D 2 1.1547555550 (8) Re-dependent wake regimes for a smooth circular cylinder, from creeping or attached flow, steady separation, two-dimensional vortex shedding,
and three-dimensional transition to subcritical shear-layer transition, critical drag-crisis behavior, and supercritical/transcritical shedding. The indicated Re bands are approxi-

mate and can shift with surface roughness, freestream turbulence, blockage, aspect ratio, and end conditions.

412176185 () Effect of bluff-body cross-section geometry on

signed spanwise vorticity and wake organization. Circular, square, and triangular cylinders produce different separation locations, near-wake formation lengths, wake widths,
and vortex-efflux directions; for the triangular case, f3; denotes the vortex efflux angle. The color map shows wzD/U. Thin gray curves indicate schematic shear-layer or

wake traces only and do not represent an additional scalar field. """ %"
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The detailed separation process differs substantially between
rounded and sharp-edged bluff bodies. For a circular cylinder, the
separation location is not fixed geometrically and depends on Re and
boundary-layer state, whereas for square and rectangular cylinders,
separation is often imposed directly by the sharp leading edges; side-
surface reattachment and trailing-edge shedding can then depend on
aspect ratio, incidence, corner radius, and confinement.'” In such
cases, the downstream evolution of the free shear layers, including
possible reattachment and re-separation, becomes especially impor-
tant in determining the wake structure. This distinction is well docu-
mented for rectangular-cylinder flows, where the balance between
fixed-edge separation, side-surface reattachment, and wake redevelop-
ment strongly affects the overall topology.'""'*'” Thus, although bluff-
body wakes share a common separated-wake framework, they are not
physically identical systems. Their organization is shaped jointly by
separation mechanism, body geometry, and downstream shear-layer
evolution. The geometry dependence illustrated in Fig. 1(f) is there-
fore not a cosmetic variation of the same wake image, but a change in
the separation constraint imposed on the learning problem.

B. Vortex shedding and dominant coherent wake
dynamics

Alternating vortex shedding emerges when the two separated
shear layers interact in the near wake and roll up into large-scale vor-
tical structures, producing the classical Bénard-von Karman vortex
street that organizes the unsteady wake of many canonical bluff bod-
ies. This mechanism has been documented extensively for the
circular-cylinder wake and remains the standard physical picture for
the onset and maintenance of coherent wake oscillation.”””” This local
roll-up should not be equated with the full frequency-selection mech-
anism, because alternating shedding is a global wake oscillation gov-
erned by the coupled interaction of the separated shear layers and the
recirculating near wake.'**”’" Its dominant frequency is commonly
expressed by the Strouhal number, St = {}f, where f; is shedding fre-
quency, D is a characteristic body dimension, and Uy is freestream
velocity.">*”*”* For circular-cylinder wakes, several empirical St-Re
correlations have been proposed over restricted Re ranges, including
relations of the form St = St* + £, where St* and m are fitted coeffi-
cients, as well as expansions in i %7 Their coefficients and validity
ranges vary with the shedding regime and experimental conditions.
The resulting St depends on geometry, Re, blockage, and boundary
conditions and should therefore be treated as a regime-dependent
wake descriptor rather than a universal constant or a complete test of
the frequency-selection mechanism. In canonical cylinder wakes, vor-
tex shedding is also the principal source of periodic transverse loading
and thus directly underlies the fluctuating lift that is central to vortex-
induced vibration and related unsteady force phenomena.”>’® Recent
studies of nonidealized cylinder configurations further show that
twist, inclination, tapering, and finite-span effects can modify the spa-
tial coherence, spanwise organization, and modal content of the nom-
inal von Karmdn mode without necessarily eliminating vortex
shedding altogether.”” ”* The coherent wake pattern in Fig. 1(b)
explains why cylinder wakes are attractive for sequence models and
reduced-order neural representations, but it also indicates why fre-
quency, phase, and force spectra must be reported rather than only
pointwise field error.

REVIEW pubs.aip.org/aip/pof

This organized dynamics is most evident in isolated-body flows
under steady inflow, but it does not persist unchanged as the flow
becomes more complex. In the circular-cylinder wake, the well-known
transition from nominally two-dimensional periodic shedding to three-
dimensional instability, including Mode A and later Mode B, marks the
beginning of a progressive loss of simple wake coherence.””*’ Recent
studies on sharp-edged and multi-body bluff-body systems likewise
suggested that the onset of vortex shedding, hysteresis between wake
states, and mode competition can depend sensitively on cross-sectional
geometry and body interaction, reinforcing that coherent shedding is a
robust but not unique wake state.””*” More broadly, recent work con-
tinues to emphasize that practical bluff-body wakes often sit in regimes
where the primary vortex street coexists with three-dimensionality, tur-
bulence, or far-wake reorganization, so the classical coherent picture
remains fundamental but not exhaustive.”"**

C. Three-dimensionality and breakdown of coherence

The nearly two-dimensional periodic picture applies only over a
limited envelope. In low-disturbance, spanwise-periodic circular-
cylinder flow, increasing Re leads first to Mode A and subsequently to
the shorter-wavelength Mode B instability, as summarized in Figs.
1(c)-1(e).” ® These transition ranges are canonical guides rather
than universal thresholds because roughness, freestream turbulence,
blockage, aspect ratio, end conditions, and boundary-layer state can
shift their onset.”

Three-dimensional transition changes the wake state qualita-
tively rather than merely adding spanwise variation to an otherwise
two-dimensional vortex street. Spanwise modulation, streamwise rib-
like vortices, secondary instability, modal competition, and intermit-
tent loss of coherence become intrinsic to the wake dynamics. The
dominant shedding mode may remain identifiable, but its spatial
coherence and spectral content are no longer represented adequately
by a single planar phase or two-dimensional field.

This change has direct implications for neural-network model-
ing. A model trained only on planar or weakly three-dimensional
wakes may reproduce the two-dimensional attractor accurately while
lacking the state variables required to represent spanwise instability,
end effects, or turbulent transport. More complex bluff bodies further
introduce reattachment, corner, wall, and finite-span effects that reor-
ganize wake topology.'”””7*%# % Re, geometry, and spanwise
boundary conditions should therefore be treated as regime-defining
variables rather than merely scalar inputs.

lll. APPLIED NEURAL-NETWORK FORMULATIONS

A training dataset is a sample of physical regimes, not a generic
image or time-series collection. Its intended validity domain should
report Re; geometry, angle, spacing, and blockage; inflow turbulence
and boundary-layer state; aspect ratio, span, walls, and end condi-
tions; solver, turbulence model, grid, domain, sampling, and averag-
ing; sensor layout and calibration; and fidelity, uncertainty, and
provenance.” """ These variables determine which wake rela-
tionships a model can plausibly preserve and which changes consti-
tute extrapolation.

Neural-network studies of bluff-body flows can be viewed from
two complementary perspectives. Table I organizes representative
studies by the wake mechanism or physical modeling claim they
address, whereas Table II classifies them by neural-network
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S e © s formulation and input-output structure. Together, the two tables dis-
» S== = oo ingui i is bei
kS oo ‘ N — tinguish what physical content is being modeled from how the learn-
) g8 S gz = g %\ ing problem is constructed.
Bl &% g Eo
0 < X Y ~ .
~ ~ A. Data sources and representations
1. Simulation and experimental datasets
.g s £y b 8 .g SR o8 g % 3 g Most neural-network studies of bluff-body flows rely on simula-
g | g g% _a £ g £ g ) g Em.; “E %E gﬁ tion data, especially for field prediction, reduced-order modeling, and
? g 5% _;4: e *i é g = ; g g = E* £ g2 closure learning. Numerical data provide complete access to velocity,
ElbsEsEs e 28 w% z = ; = pressure, vorticity, surface forces, and derived quantities at controlled
< 5 5 g 8 a s 5 - z é g .5 g g e¢g Re and geometries. This makes simulation data particularly suitable
= <%gs K g4 28 %D T8 ;g g for supervised learning, where the input-output mapping can be
- = AEETE 5= defined explicitly. For example, deep learning models have been
trained to predict future velocity and pressure fields around a circular
o cylinder from previous snapshots,” to build reduced-order models
= 8 E g o S for two-dimensional unsteady cylinder wakes,”” and to infer near-
"8 §2 & g o _g g 50% wake velocity fields from instantaneous wall-pressure input.”” In these
= B g g 3 <9 § .‘é,v} %_‘ cases, the availability of dense flow-field data allows the network to
5 = -§ % % s i E ,§ =ty learn spatiotemporal correlations that would be difficult to obtain
£ g g & g- E = from sparse experiments alone.
= £ 2 '§ Simulation data, however, are not neutral representations of the
physical flow. The predicted wake can depend on the numerical
method, grid and domain resolution, boundary conditions, turbu-
S g & lence treatment, sampling strategy, and averaging interval. These sen-
3 S _§ g g, sitivities are particularly relevant to neural-network training because
iy 839 % .S 3 é % the learned model may reproduce numerical or closure-specific fea-
3 2 & %0 § 3 g e tures of the data generator rather than flow physics that is indepen-
£ 59 z PR %‘L‘g dent of that setup. For example, numerical studies of the circular-
= %3 % E 3 cylinder wake around Re = 3900 have shown that spanwise domain
@ 2 = extent, mesh resolution, confinement, and averaging choices can
materially affect predicted wake and turbulence statistics.'”*'*’
Similar sensitivity has also been reported across Re = 400-3900.'*
_ % g = g é" g The fidelity and numerical provenance of simulation data should
] B = = L "§ 82 g < £, therefore be treated as part of the model’s validity domain.
E* ,’; % > 8 %@ '% 5 ¥ o?og Meanwhile, experimental data provide a complementary route.
= R4 £ Kl 59 g g S5 PIV and volumetric velocimetry capture physical wake fields but carry
§ % Z ; oo ; ?, 28 9{ § S calibration, outlier-detection, field-of-view, and spatial-resolution lim-
~ é E = ?*,; i A = its."> " Pressure sensors, force measurements, and sparse probes are
@ . AT attractive for monitoring because they can be sampled at accessible
locations, but they convert full-state prediction into an observability
Py P problem.””'**'*’ Experimental-data-driven models have been used to
. g = " F?ui = .g ? reconstruct time-resolved flow fields fronLl (rgon-time-resolved PIV
- z 2 3 f.f g & g S and sparse high-frequency measurements,””” and to recaver wake
=3 % é g 8 % ::% S3 fields from limited sensor information in high-Re cases.”” '"’ These
E%‘ g M B %D 2 studies move neural-network modeling closer to monitoring and
8 zZ3 3 2 % 5 2 - digital-twin applications, where only partial observations are avail-
:é s A Q :; o able.”'*® Nevertheless, experimental datasets also impose specific
limits: the field of view may not include the full wake,”*”’ near-wall or
= near-body regions may be difficult to measu;e,’j4‘88’9() pressure and
§ z TS s b e velocity may not be available simultaneously,”*”” and temporal or
g LZ) E g ‘g S E £ spatial resoluti(;{)l ]rz(l'e}Y]be limited by acquisition rate, seeding, calibra-
S5 | e E‘ § g o 5‘,3 3 tion, or noise.”” "~ Consequently, experimental neural-network
=185 |lg=- 8 z ‘g g g models often solve an observability problem instead of a complete
@ '% & 8 § ;«3 < § s.8 3 flow-prediction problem, and they should not be judged only as inter-
Ell=8l&8z3 28 0% % polation exercises.
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More recent reconstruction studies further broaden this partial-
observation setting. Jin et al.'”> combined non-time-resolved velocity
fields with time-resolved surface-pressure sequences in a CAE-
Transformer framework for time-resolved circular-cylinder wake
reconstruction, directly connecting velocity-field reconstruction with
pressure-sequence observability. Xie et al.'”' reconstructed laminar
and turbulent bluff-body wakes from randomly distributed sparse
data using a physics-informed generative framework, including lami-
nar circular-cylinder, turbulent circular-cylinder, and turbulent
square-cylinder datasets. These studies reinforce that experimental or
sparse-input learning should be interpreted as an observability and
validity-domain problem rather than as ordinary image completion.

A practical data-fidelity hierarchy follows from these limitations.
DN offers controlled high-fidelity fields in limited regimes;’*"* LES
gives access to turbulent separated-wake statistics while carrying grid,
domain, and subgrid-model dependence;*’*'** and URANS/RANS
supports engineering-scale datasets and many-query studies, with
outputs conditioned by turbulence-model bias.””'**'** PIV/PTV
grounds the model in laboratory measurements but is limited by field
of view, resolution, near-wall access, calibration, and noise.*® "%
Pressure taps, force balances, and sparse probes are valuable for moni-
toring and digital twins, provided observability is tested.””””'**'*”
Hybrid datasets can combine numerical and experimental strengths
only when provenance, uncertainty, and consistency are reported.”*”

Multi-fidelity learning provides one way to address the trade-off
between broad low-cost parameter coverage and limited high-fidelity
data. It combines broad but biased or inexpensive low-fidelity cover-
age with limited high-fidelity data through shared or learned latent
representations and an explicit discrepancy or calibration map.'”*'”
Cylinder-flow studies illustrate both Gaussian-process correction of
autoencoded low-fidelity states'** and a frozen-latent-space bi-fidelity
strategy for confined flow."”” This construction changes how informa-
tion is combined; it does not automatically remove solver or model
bias, so cross-fidelity consistency and held-out high-fidelity validation
remain necessary.

More generally, data fidelity and data quantity should be inter-
preted together with physical coverage and provenance. A large
numerical dataset may still represent only a narrow range of Re,
geometries, or numerical assumptions, while sparse experimental data
may contain distinct information about sensor noise and observabil-
ity. As one representative within-study example, Li et al.” reported L,
errors of about 0.06-0.13 for high-Re cylinder reconstruction using
5-128 sensors, with larger errors near shear layers and the near wake.
Such values should be interpreted within the specific sensor layout,
target variable, normalization, grid, regime, and train-test definition
rather than as cross-study benchmarks.

Reported quantitative performance also depends strongly on the
learning task and metric. For example, Yun and Lee” reported corre-
lation coefficients above 0.999 for pressure-to-wake reconstruction
(Re = 60) and an average R = 0.996 for the CNN-D model at
Re = 300, while Nemati Taher and Subaslgl reported a maximum rel-
ative error of 4.58% for three-dimensional bluff-body flow-field pre-
diction. Together, these examples demonstrate that quantitative
evidence is available across different bluff-body learning tasks, but the
reported values should not be compared directly because the target
variables, error definitions, normalization, flow regimes, geometries,
and test protocols differ.

REVIEW pubs.aip.org/aip/pof

Within the direct bluff-body studies reviewed here, explicitly cal-
ibrated uncertainty intervals remain comparatively uncommon. This
limits meaningful cross-study uncertainty benchmarking and moti-
vates the uncertainty-reporting recommendations in Sec. VIC and
Table I1L.

Against these data and fidelity background, current studies can be
interpreted through four broad learning settings. The first is fully
observed numerical learning, where dense fields are used for training
and testing."”**”>**”” The second is partially observed reconstruction,
where the model infers missing temporal or spatial information from
non-time-resolved PIV, sparse sensors, wall-pressure input, or
turbulent-region indicators.”” '**'* The third is physics-constrained or
closure-oriented learning, where residuals, conservation constraints, or
learned closure terms are used to improve consistency or turbulence
modeling,'"”'?>**12315 The fourth is active-flow-control learning,
where policies use wake measurements or states to select actuation for
drag reduction, lift-fluctuation suppression, or stabilization.'”” '

The same distinction can be expressed as an input-output taxon-
omy: coordinates to fields, fields to future fields, pressure to wake
fields, sparse sensors to dense fields, geometry descriptors to flow
responses or coefficients, resolved variables to closure terms, and
probes or state variables to actuation policies. These mappings test
different physical assumptions, so identical error metrics cannot vali-
date them equally.

2. Representations of bluff-body flows

The representation of the flow determines what the neural net-
work can learn. The most common representation is a Eulerian grid
of velocity, pressure, or vorticity fields. Such snapshot-based represen-
tations are natural for CNNs, U-Nets, and convolutional autoen-
coders, because these architectures can exploit local spatial
correlations. They have been widely used for flow-field prediction and
reduced-order modeling.”* *** In bluff-body wakes, this representa-
tion is effective because the dominant structures, such as shear layers,
recirculation zones, and alternating vortices, appear as spatially orga-
nized patterns. The success of CNN-based models in cylinder-wake
prediction and latent reduced-order modeling reflects, in part, the
image-like regularity and low-dimensional organization of canonical
wake fields."”** Super-resolution should be treated more cautiously:
unless a cited study explicitly includes a bluff-body wake case, it pro-
vides broader fluid-mechanics support for resolution enhancement
instead of direct evidence for bluff-body wake learning.

A second representation uses temporal signals, such as surface
pressure histories, probe velocities, lift and drag histories, or sparse
sensor measurements. This representation is physically attractive
because practical bluff-body monitoring often relies on wall pressure,
force signals, or limited probes instead of full-field measure-
ments.””">”” Pressure-to-field learning is especially relevant because
surface pressure contains information about separation, vortex forma-
tion, and unsteady loading.”*”” For example, Yun and Lee” used
instantaneous wall pressure to predict near-wake transverse velocity
fields for laminar cylinder flows, while Jin et al'® combined non-
time-resolved velocity fields with time-resolved surface-pressure
sequences to reconstruct time-resolved velocity fields around a circu-
lar cylinder. Such formulations implicitly assume that the measured
signal or reduced coordinates contain sufficient information about
the wake state; this observability assumption should be tested with

Phys. Fluids 38, 101302 (2026); doi: 10.1063/5.0351690
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TABLE Ill. Recommended uncertainty-aware validation and reporting items for neural-network-based bluff-body-flow models.

Model type

Main uncertainty
source

Recommended robustness
tests

Recommended physical
reporting

Minimum acceptable
evidence

Snapshot or field
prediCtOIAZ,{w,‘)Z,‘)‘)

Sparse-sensor or
PIV reconstruc-
tion‘)ﬁ 102,123

Pressure-to-field
mode183,99,128

Reduced-order

temporal
44,45,49,50,95

model“‘% 49,50,95

PINN or physics-
informed

mode-
141,1()8,[34,125‘]3(1,142

Neural closure or
RANS/LES correc-

. 105-108,132,133
tion 7"

Reinforcement-
learnin,

109-116,146
control n

Geometry-condi-
tioned surro-

91,93,117,118
gate

Phase drift, sparse
training domain,
solver bias

Sensor noise, lim-
ited field of view,
nonunique
reconstruction

Pressure calibra-
tion, wall-pressure
noise, observability

limits
Latent-space non-
uniqueness, long-
horizon instability

Residual imbalance,
boundary-
condition uncer-
tainty, unmodeled
turbulence
Model-form uncer-
tainty, grid depen-
dence, coupled-
solver instability

Sensor noise, actu-
ator saturation,
time delay, policy
overfitting

Shape-space spar-
sity, interpolation/
extrapolation
ambiguity

Long-horizon rollout;
unseen Re interval;
unseen geometry; grid/
domain sensitivity
Sensor-noise perturba-
tion; sensor dropout;
alternative layouts; inde-
pendent PIV/CFD
comparison
Pressure-noise perturba-
tion; sensor removal;
time-delay test; unseen
wake state
Long-horizon prediction;
phase-drift test; unseen Re
or wake regime

Residual-weighting sensi-
tivity; boundary-
condition perturbation;
independent CFD/experi-
ment comparison
A priori and a posteriori
tests; grid transfer; solver-
coupled stability test

Unseen Re; 2D-to-3D
transfer; noisy sensors;
actuator limits; delayed

feedback; partial observ-
ability; sparse pressure
sensing; high-Re transfer

Hold out body family;
hold out spacing/angle;
test finite-span or wall-

mounted cases

Strouhal number, phase
error, recirculation length,
mean wake, spectra, lift/
drag statistics
Wake topology, vortex-
core location, spectra,
Reynolds stresses, force-
relevant structures

Surface-pressure/wake
consistency, shedding
phase, near-wake velocity,
force spectra
Modal energy, latent-
variable interpretability,
Strouhal number, force
spectra
Conservation residuals,
pressure field, wake topol-
ogy, force response

Mean wake recovery, base
pressure, Reynolds
stresses, turbulent kinetic
energy (TKE), spectra,
drag
Drag/lift reduction, actua-
tion cost, wake visualiza-
tion, force spectra,
robustness envelope

Geometry-specific wake
topology, pressure recov-
ery, forces, uncertainty
versus training-shape
distance

Long rollout; Strouhal
number; spectra; recircu-
lation length; force statis-

tics where available

Sensor noise/dropout

tests; independent PIV/

CFD or withheld-field

validation

Pressure-wake consis-
tency; time-delay sensitiv-
ity; unseen wake-state
tests
Phase drift; modal energy;
long-horizon behavior; Re
or regime holdout

Residual balance;
boundary-condition sen-
sitivity; pressure/force
consistency; independent
validation
Both a priori and a poste-
riori solver-coupled tests

Actuation cost; robustness

envelope; sensor/actuator

constraints; force/spectral
consequences

Clear interpolation/
extrapolation distinction
for unseen shapes or wake
regimes

noise, sensor removal, time delay, and unseen wake states.'**'*” The
assumption is plausible for coherent periodic wakes,"*"” but becomes
more restrictive when the wake is turbulent, three-dimensional, or
strongly affected by external disturbances.”

A third representation is based on latent variables or modal
coefficients. Autoencoders, CNN-LSTM models, and DMD-assisted
neural networks seek to compress high-dimensional wake fields
into lower-dimensional coordinates and then learn their temporal
evolution.””*”” This approach is closely connected to reduced-
order modeling and modal analysis in fluid mechanics.****'*"!*
For canonical bluff-body wakes, latent-variable learning is physi-
cally reasonable because vortex shedding often produces a

55-58

dominant oscillatory structure, and a large fraction of the coherent
energy may be represented by a small number of modes.”* ** Data-
driven equation discovery and coordinate discovery can help con-
nect reduced coordinates to governing dynamics, but only when the
discovered variables and equations are checked against the flow
physics.”*”'*” However, the physical meaning of the learned latent
coordinates is not guaranteed; latent variables can be phase-like
without being mechanistic.*’ Unless the latent variables are com-
pared with known modal structures, shedding phase, force coeffi-
cients, or spectral content,'lk)"”“ 1415 reduced reconstruction error
alone does not prove that the model has learned physically inter-
pretable wake dynamics.
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A fourth representation introduces geometry explicitly.
Geometry-conditioned models use signed-distance functions, body
masks, coordinate fields, point-cloud representations, or other geo-
metric descriptors to allow prediction across different bodies or
arrangements.”””"">""” This direction is important because many
engineering bluff-body problems involve variations in shape, spacing,
angle of attack, blockage, or multi-body interaction. Knowledge-
enhanced CNNs and geometry-aware models have been proposed for
fast prediction of unsteady flow around bluff bodies.”*”” For example,
Yu and Wu*” developed a knowledge-enhanced CNN for near-real-
time pixel-to-pixel simulation of unsteady bluff-body aerodynamics.
Extending this idea to irregular three-dimensional domains, Nemati
Taher and Subagi”' used a modified PointNet architecture to map
unstructured-grid point-cloud coordinates around right-rhombic
prism-shaped bluff bodies to three velocity components and pressure,
avoiding interpolation onto structured grids. Yet geometry-
conditioned learning remains challenging because the network must
distinguish between universal wake features and geometry-specific
mechanisms, such as fixed-edge separation in rectangular cylinders or
variable separation location in circular cylinders.

B. Neural network formulations

Figure 2 organizes the neural-network formulations discussed in
this Section according to their input-output structure and physical
role.

1. Field prediction and wake reconstruction

Field prediction is one of the most direct applications of neural
networks to bluff-body flows. In this formulation, the network
receives one or several previous flow snapshots and predicts future
velocity, pressure, or vorticity fields. The task is attractive because
bluff-body wakes often possess strong temporal coherence, especially
in two-dimensional or weakly three-dimensional regimes. CNN and
U-Net-type architectures are commonly used because they can learn
spatial correlations in Eulerian fields while preserving the image-like
structure of the data.”*°” For instance, Lee and You™ showed that
deep networks can predict future unsteady flow fields over a circular
cylinder from previous fields and examined the effect of adding
conservation-law information to the loss function; Abucide-Armas
et al.” used a U-Net-type CNN to predict URANS-based cylinder-
flow fields from previous samples and auxiliary spatial channels.
These studies demonstrate that wake evolution can be learned over
finite horizons, but they also highlight a recurring issue: recursive pre-
diction can accumulate phase and amplitude errors when the model
is advanced beyond the timescale represented in training. This formu-
lation corresponds to the field-to-field mapping in Fig. 2(a), where
previous wake fields are encoded into multiscale features and decoded
into future velocity or pressure fields.

Wake reconstruction is a related but distinct task. In contrast to
future-state prediction from fully observed past fields, reconstruction
models infer missing spatial or temporal information from incom-
plete data. This includes time-resolved reconstruction from non-
time-resolved PIV,”*”” pressure-sequence-assisted reconstruction,'*?
dense-field reconstruction from sparse sensors,”* random-sparse-data
wake reconstruction,'’’ and pressure-input reconstruction of near-
wake velocity fields.”’ Resolution enhancement from coarse fields is

REVIEW pubs.aip.org/aip/pof

an important broader flow-learning task, but it should not be conflated
with sparse-identification studies based on low-dimensionalized flow
representations.”* These reconstruction problems are particularly rele-
vant to experiments, because full three-dimensional, time-resolved
velocity, and pressure measurements are difficult to obtain in separated
wakes. Their success relies on wake coherence: if the dominant shed-
ding phase and spatial structure can be inferred from a small number
of observations, the missing field can be reconstructed with reasonable
accuracy.

Resolution enhancement and sparse reconstruction are increas-
ingly connected to generative modeling. Super-resolution studies
show that learned models can restore flow structures that are damped
by coarse or sparse inputs.'””'** Recent generative and diffusion-
based studies make this direction more explicit: Oommen et al.'"”
used generative modeling for turbulent-flow super-resolution, fore-
casting, and sparse reconstruction, including a cylinder-wake case
with sparse PTV-like inputs, while Amoros-Trepat et al.'*' developed
diffusion-based sparse flow-field reconstruction methods that gener-
ate high-fidelity samples and preserve smaller-scale spectral content.
For bluff-body wakes, these methods are promising because sparse
observations may not determine a unique instantaneous three-
dimensional state; credibility therefore depends on distributional vali-
dation such as phase, spectra, pressure/force consistency, ensemble
spread, and uncertainty calibration.”” The probabilistic reconstruction
logic in Fig. 2(f) is especially relevant when sparse observations admit
multiple physically plausible wake states.

Within bluff-body wakes, Xie et al.'’' provide a more directly
targeted example by reconstructing global turbulent wakes from ran-
domly distributed sparse measurements and by testing both cylinder
and square-cylinder wake datasets. This kind of evidence is important
because it combines sparse sensing, turbulent wake complexity, and
geometry-dependent bluff-body flow structure.

The CAE-Transformer reconstruction of Jin et al.'* illustrates
the same trend from another direction: a surface-pressure sequence is
used to infer latent velocity-field coefficients, showing how pressure
observability and sequence learning can be combined. Recent graph-
and transformer-based reconstruction models extend this sparse-
observation view to more flexible spatial representations. For exam-
ple, Zhang et al'* introduced a graph-transformer reconstruction
network that represents discrete grid points as graph nodes and uses
transformer-style attention within message passing to reconstruct
pressure and velocity fields from very sparse pressure sensors. Their
sensor-placement analysis suggests that locating sensors in the core
vortex-shedding region can be more important than simply increas-
ing the number of sensors, which directly supports sensor-aware vali-
dation for bluff-body monitoring while remaining case-dependent
with respect to Re, geometry, objective, and sensor layout. Figure 2(e)
illustrates why graph and mesh-aware models are attractive for sparse
sensors, irregular grids, and geometry-conditioned bluff-body
configurations.

The maturity of emerging architectures is uneven. CNN and
recurrent models have substantial bluff-body evidence for canonical
prediction and reconstruction,>****?*%° whereas neural operators,
diffusion models, generative models, graph neural networks, and
transformer-based reconstruction are still a mixture of direct wake
studies and broader methodological support.” """ '** Sensor-graph
and transformer reconstruction is promising for sparse measurements,
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FIG. 2. Representative neural-network architectures used for bluff-body-flow modeling. (a) CNN/U-Net maps wake fields through multiscale convolutional features and skip
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Blue denotes flow or learned mappings, red denotes residual/control/validation paths, and gray/black denotes geometry, sensors, and structural links.
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but its evidence should be read against the tested sensor layout and
wake regime.'””'**'*” Their promise should therefore be read against
the evidence scope of the specific flow case, input-output map, and val-
idation target.

Reduced-order neural models occupy an intermediate position
between field prediction and reconstruction. CNN autoencoders,
LSTM networks, and DMD-enhanced deep models first compress the
wake field into a latent or modal representation and then learn its
temporal evolution.”*””* This type of model is physically appealing
because it mirrors the organization of many bluff-body wakes around
dominant coherent modes.*” ** However, its applicability decreases
as the wake becomes broadband, three-dimensional, or strongly tur-
bulent.” ** In such regimes, the reduced-order representation may
still reconstruct dominant large-scale features but fail to capture
smaller-scale turbulence, intermittent events, or regime transi-
tions.””"”""** The latent-state version of this idea is shown in
Fig. 2(b), where an autoencoder compresses the wake and an LSTM/
GRU-type temporal model advances the latent coordinates.

This is further discussed in Sec. IV: field prediction and recon-
struction models primarily exploit correlation structure; correlation
with a vortex street is not the same as learning the local separation
process or the global wake mode that organizes shedding.***” They
may reproduce a vortex street, recirculation zone, or velocity fluctua-
tion field with low numerical error, but this does not by itself show
that they have learned the mechanism of separation, instability, or
vortex formation.*”””'*" A wake-prediction network may be excellent
within a fixed Re range and geometry, yet fail when the separation
process, shedding mode, or three-dimensionality changes.” ** Thus,
prediction accuracy needs to be evaluated together with physical diag-
nostics, such as shedding frequency, phase stability, wake length, force
coefficients, and spectral content.

2. Physics-informed and closure-oriented formulations

PINNG differ from pure regression because governing-equation
and boundary residuals enter the objective."””'** For incompressible
bluff-body flow, these constraints are typically derived from the conti-
nuity and momentum equations. Accordingly, a generic PINN objec-
tive can be written as Eq. (1), where £ 4,1, and Lpc penalize mismatch
with available observations and boundary conditions, respectively,
while Leontinuity and Lomentum penalize residuals of the incompressible
continuity and momentum equations; 44, Ap, 4, and 4,, denote the
corresponding loss weights. The latter residuals are constructed from
the incompressible continuity equation and the Navier-Stokes
momentum equations. Derivatives are usually evaluated by automatic
differentiation. Residual weights, pressure identifiability, sampling,
and boundary-condition enforcement materially affect the solution;
satisfying these residuals does not by itself resolve transition, inflow
uncertainty, wall treatment, or unresolved turbulence.*"!#12>:15¢
These residual terms therefore act as physical constraints and regular-
izers; their satisfaction is not evidence that the model has recovered
the underlying instability or separation mechanism. The relevant evi-
dence remains wake topology, pressure and force coupling, spectral
behavior, robustness to boundary conditions, and transfer across
physically withheld regimes™ >*'*%'%%!+*

L= /ldﬁdam + )vbﬁBC + j~c£mntinuity + )vmﬁmamentum~ (1)
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Knowledge-enhanced CNNs represent a more pragmatic variant
of this idea. Without solving the governing equations through residual
minimization, they incorporate physical knowledge through input
design, loss functions, or constraints on the predicted field.">* These
methods are attractive for engineering applications because they
retain the computational efficiency of CNN-based prediction while
improving physical consistency. Such formulations have been used to
improve unsteady bluff-body field prediction by adding geometry
information, conservation-aware losses, or auxiliary physical channels
to otherwise data-driven CNN-style predictors.””*’ In this context,
the central question is not whether the model is purely physics-based,
but whether the embedded knowledge improves off-design behavior,
temporal stability, and physically meaningful quantities.

Closure-oriented networks modify unresolved terms inside LES
or RANS rather than directly replacing the full field map.'*>'?"'#>!%
The representative unresolved stresses can be written as Eq. (2), where
7365 denotes the subgrid-scale stress in LES, =& denotes the Reynolds
stress in RANS, the overbar indicates filtering or averaging as appro-
priate, and the prime denotes velocity fluctuations. Learning may tar-
get the stress itself, an eddy-viscosity or anisotropy correction, a
model-form discrepancy, or an equivalent forcing. Credibility
requires a posteriori solver-coupled tests of wake recovery, base pres-
sure, drag and lift, Reynolds stresses, spectra, and numerical stability;
a priori stress regression alone is insufficient'?>'0%!?» 133144143

ristS = Wit — u;uj, rf;. = —pugu}. 2)

More generally, physics constraints provide stronger evidence
only when they improve the wake quantities associated with the
mechanism they are intended to represent; residual satisfaction or off-
line prediction accuracy alone does not establish mechanism-level
learning.

3. Reinforcement learning and flow control

The DRL setting in Fig. 2(h) closes the loop between wake obser-
vations, a policy network, actuation, reward, and the modified wake;
this loop makes control validation fundamentally different from field-
prediction validation. Reinforcement learning has been used to dis-
cover active-control strategies for bluff-body wakes, especially for the
circular-cylinder wake with synthetic jets or blowing/suction actua-
tion. In these studies, the network does not primarily predict the flow
field. Instead, it learns a policy that maps flow observations, probe sig-
nals, or state variables to control actions. For example, Rabault
et al.'”” showed that artificial neural networks trained through deep
reinforcement learning can discover active-control strategies for a cyl-
inder wake; Tang et al.''’ extended this idea by training a robust con-
troller over a range of Re; Li and Zhang''' further combined
reinforcement-learning-based control of confined cylinder wakes
with stability analysis. These examples connect control performance
to wake response, robustness, and stability instead of treating reward
reduction alone as sufficient evidence of physical learning.

More recent control studies have moved the field toward partial
observability, pressure-based sensing, and higher-Re turbulent condi-
tions. Xia et al.''" studied bluff-body drag reduction under partial
measurements and showed how history-augmented reinforcement
learning can alleviate the loss of full wake observability. Wang et al.'"”
used dynamic features built from sparse surface-pressure sensing for
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circular-cylinder wake control, directly connecting pressure observ-
ability with closed-loop actuation. Chen et al.''® extended DRL-based
bluff-body control to a high-Re turbulent cylinder-flow setting, using
surface probes and zero-net-mass-flux jets. These studies make clear
that the evidence standard for DRL control must include not only
reward reduction, but also sensing constraints, actuation cost, Re
robustness, and interpretable wake modification.

The physical target in these studies is usually suppression or
modification of the von Karmdn vortex street, reduction of drag,
reduction of lift fluctuations, or stabilization of the wake.”"**'*’ This
makes reinforcement learning attractive for bluff-body flows because
the control objective is directly linked to wake dynamics.'”” "
However, policy success does not by itself establish mechanistic trans-
parency. A DRL controller may reduce drag effectively, but the
learned policy may be difficult to interpret in terms of classical flow-
control concepts such as separation delay, base-pressure recovery,
shear-layer manipulation, or global-mode stabilization,'**>** "'
Some studies address this issue by examining controlled wake struc-
tures, actuation histories, or stability properties,''' " but interpret-
ability remains a general limitation unless learned actuation can be
related to separation delay, base-pressure recovery, shear-layer forc-
ing, or global-mode modification.'** "’

Another challenge is robustness. Bluff-body control policies
trained in two-dimensional laminar simulations may not transfer
directly to turbulent, three-dimensional, noisy, or experimentally con-
strained flows.''*"''*'*” The sensor arrangement, actuation authority,
Re range, and reward definition strongly shape the learned strat-
egy.' """ Therefore, DRL-based control should be evaluated not
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only by drag reduction in the training environment, but also by
robustness to Re variation, measurement noise, actuation limits,
three-dimensionality, and geometry changes."'”"'*""*"*" From a
physics-oriented perspective, reinforcement learning is most valuable
when it reveals control-relevant wake mechanisms, instead of only
producing a numerical policy."**"**'*

C. Validation practices and current limitations

Field-wise metrics such as mean-squared error, relative error,
and pointwise error are useful first-level diagnostics, but they need to
be evaluated together with wake-relevant quantities. For bluff-body
flows, the appropriate validation target depends on the physical claim
made by the model.*#***° Figure 3(a) orders evidence from field accu-
racy (L1), through wake topology (L2), dynamics and loading (L3),
turbulence or closure behavior (L4), physically defined generalization
(L5), and mechanism-relevant response (L6). The hierarchy is cumu-
lative: a low field error cannot substitute for missing topology, spectra,

forces, or robustness tests.
The hierarchy in Fig. 3 implies that the appropriate validation

evidence depends on both the physical claim and the model role. For
unsteady wake prediction, spectral validation should include the dom-
inant shedding peak, harmonics, broadband content, and consistency
with lift and drag spectra, alongside mean flow, recirculation length,
Reynolds stresses, and modal energy.”*>*>**7*% A —5/3 slope is rel-
evant only for sufficiently turbulent wakes with credible scale separa-
tion and sampling; it is not a universal target for laminar or
transitional cylinder wakes.”” Sparse reconstruction additionally

(b)
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e nonono
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FIG. 3. Validation hierarchy and pseudo-quantitative evidence profiles for neural-network-based bluff-body-flow models. (a) Validation levels progress from pointwise or field-
wise accuracy to wake topology, dynamic consistency, turbulence or closure behavior, out-of-distribution generalization, and mechanism relevance. (b) lllustrative validation
profiles use ordinal reporting scores s;: 0, not reported; 1, qualitative or visual evidence; 2, quantitative validation within the sampled regime; and 3, quantitative validation
with uncertainty quantification, out-of-distribution testing, or independent data. The evidence class E, denotes the highest consecutive validation level for which
S1,..., 8k > 2. Scores are not averaged; high-field accuracy cannot compensate for missing wake-topology, dynamics, turbulence, generalization, mechanism-level, or other

physics diagnostics.
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requires observability, sensor-noise, and sensor-removal tests; clo-
sures require a posteriori coupling; and control requires actuation-
cost, force-response, and robustness checks.

Interpretation of these validation results also depends on a
reproducible training and test protocol. Studies should therefore
report the data split by physical case, preprocessing and normaliza-
tion, architecture and parameter count, optimizer, learning rate and
schedule, loss terms and weights, batch size, number of training
epochs/iterations or stopping criteria, random seeds or repeat statis-
tics, software, precision, and hardware. For time-dependent wakes,
the forecast horizon and any temporal overlap between training and
test data should also be explicit. These details are particularly impor-
tant when apparent generalization may depend on how physical
regimes are partitioned between training and testing.

Generalization beyond the training distribution is a difficult
problem more broadly in machine learning (ML), where performance
can depend strongly on benchmark construction and model-selection
strategy, while formal results in specific settings illustrate fundamental
limits to unrestricted generalization."””'”” In bluff-body flows, this
issue is more usefully formulated in terms of physically defined
regime changes. Generalization can therefore be assessed at three lev-
els, as listed below.

(1) In-domain testing: new states are sampled within a represented
physical regime.

(2) Regime transfer: complete Re intervals, geometry families,
blockage conditions, or finite-span configurations are withheld,
while the governing phenomena remain represented some-
where in training.

(3) Unseen-physics testing: mechanisms absent from training are
introduced, such as confinement-induced asymmetric wake
states, end-effect or tip-vortex systems, compressibility-
dependent shear-layer instability, or other regime-changing
phenomena.'” " Such cases probe extrapolation to a changed
physical state space rather than ordinary interpolation or
parameter transfer and should be regarded as valuable stress
tests rather than a reasonable minimum requirement for every
surrogate.

Two limitations are especially important when interpreting
such tests: changes in the physical state space and loss of trajectory
predictability. The first arises when three-dimensionality or turbu-
lence changes the relevant flow state itself. Many successful predic-
tion and reduced-order studies are based on two-dimensional or
quasi-two-dimensional cylinder wakes, where coherent vortex
shedding dominates.””*”* These cases are valuable benchmarks,
but they do not fully represent spanwise instabilities, broadband
turbulence, mode competition, intermittent structures, or turbu-
lent transport. High-Re reconstruction, turbulent-region detection,
and neural turbulence-closure models begin to address this
gap,”®'%!1921% but how neural networks handle three-dimensional
wake transition remains only partly resolved. The second concerns
temporal predictability. Long-horizon validation should separate
trajectory or phase accuracy, statistical accuracy, and physical plau-
sibility. Before the predictability horizon, phase and trajectory
errors remain meaningful validation measures. Beyond this hori-
zon, dynamical instability progressively limits deterministic trajec-
tory agreement, so long-term statistical behavior becomes a more
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appropriate target."”® For chaotic or turbulent wakes, validation
should therefore emphasize mean and RMS fields, spectra, force
distributions, Reynolds stresses, modal energy, topology distribu-
tions, and other statistical invariants.***>%7> 12?111 A model may
lose instantaneous phase while preserving a credible statistical
wake, or retain smooth fields while drifting to an unphysical
attractor.

Taken together, these considerations explain why model classes
should not be ranked by a single scalar metric. Figure 3(b) therefore
records the highest consecutively supported evidence level rather than
averaging heterogeneous validation scores. An estimator that survives
sensor-noise and regime-transfer tests may thus provide stronger evi-
dence for its intended claim than a lower-error predictor that has
been validated only by field-wise accuracy.

IV. PHYSICAL CONTENT LEARNED BY NEURAL
NETWORKS IN BLUFF-BODY FLOWS

Sections I and III separated the physical mechanisms of bluff-
body wakes from the neural-network formulations used to model
them. This section connects the two by asking which physical content
is supported by current evidence. While Tables I and II provide two
complementary maps of the literature, Sec. IV uses these classifica-
tions not to repeat the taxonomy, but to assess the strength of
mechanism-level evidence behind the main modeling claims. The
assessment is organized around five mechanisms: near-wake organi-
zation and separation, coherent shedding and reduced-order dynam-
ics, pressure-wake coupling and sparse observability, three-
dimensional and turbulent regime transfer, and physics-constrained
closure/control formulations. The validation hierarchy in Fig. 3 pro-
vides the evidence standard, while Fig. 4 summarizes the resulting
qualitative evidence map across architecture families and physical
targets.

The synthesis in Fig. 4 indicates that current evidence is most
mature for coherent shedding and near-wake reproduction in canoni-
cal regimes, while separation causality, three-dimensional transition,
turbulent transport, closure robustness, control robustness, and
geometry-dependent regime transfer remain weak to emerging.

A. Wake organization and near-body separation

A useful starting point is to distinguish wake-image reproduc-
tion from representation of the mechanisms that create the wake.
Convolutional and encoder-decoder models can reproduce bluff-
body or URANS-based flow fields with small pointwise error when
training and test data share geometry, grid, and numerical
method.””” Cylinder-wake forecasting studies show the same
strength within prescribed Re ranges and wake regimes."””” This per-
formance matters because separated shear layers, recirculation
regions, and alternating vortices are organized flow structures instead
of random image patterns.”®”" This still does not show that the model
has learned which variables control the separation location.'” Nor
does it show that the model will predict changes caused by shear-layer
instability or drag-crisis behavior." °

For rounded bodies, this distinction is especially important
because separation is not imposed by a fixed sharp edge. On a circu-
lar cylinder, separation depends on Re, shear-layer instability, and
boundary-layer transition."* Blockage, confinement, and boundary-
layer tripping add additional sensitivities that can reshape the near
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FIG. 4. Qualitative evidence map linking neural-network architectures to bluff-body-flow physics. Rows correspond to the architecture families shown in Fig. 2, whereas col-
umns denote physical contents or validation targets. Cell colors indicate qualitative evidence strength rather than quantitative scores. Mature (M) denotes multiple direct
bluff-body wake studies with quantitative physical diagnostics and at least limited robustness or regime-transfer evidence. Moderate (Mo) denotes direct bluff-body evidence
with quantitative validation, but mainly within canonical or in-domain regimes. Emerging (E) denotes a small number of direct cases or evidence transferred from closely
related separated-flow problems. Weak (W) denotes cases where the architecture has been used or proposed but mechanism-level bluff-body evidence remains limited. N/A
indicates that the physical target is not a primary purpose of that model family. The grading is intended as a synthesis of evidence scope, validation depth, and physical rele-

vance, not as a bibliometric count of papers.

wake.”"*" If such variables are absent from the input representation,
the network can only infer them indirectly from the sampled fields.
A field predictor may therefore reproduce the separation pattern
present in a dataset while remaining conditional on that data-
set.””*>*> Its physical credibility becomes weaker when the
intended task is extrapolation across blockage, body arrangement,
or geometry.” 7

For sharp-edged and multi-body bluff bodies, geometry-
conditioned learning moves closer to physical modeling because the
network must respond to fixed-edge separation, body spacing,
angle, or shape descriptors. Three-dimensional bluff-body predic-
tion with geometric inputs, fast prediction around multiple bluff
bodies, and consistent shape descriptions show that body geometry
can be represented explicitly instead of treated as an implicit feature
of one grid.”"”>""” Brahmachary and Thuerey''® give a sharper
example: their differentiable physics-assisted neural network com-
bines a coarse differentiable solver with a neural correction and tests
unsteady wakes from arbitrary bodies, including out-of-distribution
shapes. Such formulations make the physical target clearer because
the learned component is asked to correct local boundary-layer and
wake behavior while the solver carries part of the transport
structure.

The main lesson is that current neural-network models provide
stronger evidence for reproducing near-wake organization than for
inferring separation causality. They can reproduce visible conse-
quences of separation, including recirculation zones, shear-layer roll-
up, coherent vortex streets, and mean wake recovery, when those fea-
tures are sufficiently sampled in the training regime."”""” Low-
dimensional and spatiotemporal reconstruction studies support the
same point for organized wake evolution.”"”” More direct evidence of
physically meaningful prediction would require diagnostics such as
separation angle, base pressure, recirculation length, shear-layer thick-
ness, reattachment behavior, and wake recovery, instead of only field-
wise metrics.”"**”?

Representative studies illustrate this hierarchy. Cylinder-wake
predictors and URANS-based field models show how geometry or
auxiliary field information can improve wake-field reproduction, but
their physical interpretation still depends on whether recirculation
length, base pressure, force spectra, and off-design cases are
reported.”””  Differentiable-physics-assisted ~ and ~ geometry-
conditioned formulations move closer to mechanism-aware surrogate
modeling when a solver or explicit geometry representation carries
part of the transport and boundary information,”"'' but generality
still rests on the breadth of out-of-distribution shape and regime tests.
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B. Vortex shedding, phase, and reduced-order
dynamics

1. Frequency, phase, and spectral consistency

The strongest current evidence concerns coherent shedding in
canonical two-dimensional cylinder wakes, where a dominant shed-
ding frequency and strong phase organization make finite-horizon
field prediction and reduced-order evolution comparatively tracta-
ble."”****”* Such results show that the organized consequences of
shedding can be reproduced within a tested regime, but they do not
establish that the frequency-selection mechanism itself has been
identified.

Mechanism-level evidence therefore combines the dominant spec-
tral peak with harmonics, broadband content, phase stability, modal
energy, lift and drag spectra, and sensitivity to Re, boundary conditions,
end effects, and multi-body mode competition."()‘4(”(’”’(’("(’7’72’71’

2. Latent dynamics and long-horizon stability

Low-dimensional representations are effective when coherent
coordinates organize the wake.”" >* Linear or nonlinear latent models
can track a canonical shedding cycle, but recursive prediction may
accumulate phase error over long horizons even when the recon-
structed wake retains a plausible dominant frequency or statistical
structure.”””>"”” Long-horizon performance should therefore be
assessed through stability and statistical fidelity as well as reconstruc-
tion or pointwise trajectory error.

For latent-dynamics models, the general evidence hierarchy can
be specialized further. A useful progression is: (1) representation,
whether the latent coordinates reconstruct the sampled wake states
with acceptable fidelity;***>*" (2) in-manifold dynamics, whether
local neighborhoods, phase evolution, and trajectories are preserved
within the sampled regime;“‘“’% (3) same-regime extrapolation,
whether latent dynamics remain credible beyond the sampled support
without changing the underlying wake mechanism;*>”” (4) cross-
regime or cross-geometry transfer, whether useful latent organization
persists when the physical state manifold itself changes;”"”” >***
and (5) physical interpretability, whether latent coordinates can be
related to quantities such as shedding phase, modal amplitude or
energy, force response, or other identifiable wake mecha-
nisms."*”>”"'*" These levels are complementary to the general valida-
tion hierarchy in Fig. 3 rather than a replacement for it: accurate
reconstruction is necessary evidence for a latent representation, but it
does not establish preservation of latent dynamics or physical
meaning.

The validity of this low-dimensional picture narrows quickly
once the wake departs from the two-dimensional circular-cylinder
archetype, because the relevant state manifold can change with geom-
etry, transition, and turbulence. Twisted, inclined, and tapered cylin-
ders introduce spanwise modulation, geometry-dependent vibration,
and wake variation.”” " Elliptical, rectangular, and rounded-square
cylinders show that body shape changes instability routes and coher-
ent structures.”"*>"** Neural networks trained mainly on two-
dimensional circular-cylinder wakes can therefore learn an important
archetype, but that archetype should not be treated as bluff-body
wake physics in general.

REVIEW pubs.aip.org/aip/pof

C. Pressure-wake coupling and sparse reconstruction

Sparse and pressure-assisted reconstruction relies on wake
observability. Recurrent, spatiotemporal, and pressure-sequence mod-
els have reconstructed cylinder wakes from incomplete measure-
ments.”””'%* Representative quantitative reconstruction errors are
discussed in Sec. III A 1; their interpretation remains conditional on
Re, sensor layout, normalization, and target field rather than defining
a universal benchmark.

The key question is therefore not only whether a dense field can
be reconstructed, but whether the inferred state remains physically
consistent with the available observations. PIV- and sensor-based cyl-
inder studies show that neural networks can recover dense or time-
resolved fields when coherent structures provide strong spatiotempo-
ral constraints.”” *® Mo and Magri'” further demonstrated recon-
struction from sparse and noisy measurements using a physics-
constrained convolutional neural network. Stronger physical evidence
requires preservation of the relationships among measured pressure
or velocity, unobserved wake regions, dominant coherent dynamics,
spectra, Reynolds stresses, and force-relevant structures.’®”*7°

This observability weakens as the wake becomes less coherent.
Similar pressure or probe signatures may correspond to different
instantaneous three-dimensional wake states,”” ** so credible recon-
struction in these regimes requires uncertainty quantification, inde-
pendent validation, spectral and force consistency, and sensor-
robustness tests.””'**'*

D. Three-dimensionality, turbulence, and regime
transfer

1. From two-dimensional benchmarks to three-
dimensional wakes

The success of many neural-network models on two-dimensional
cylinder wakes needs to be evaluated in light of the special physical
structure of this benchmark. In this regime, the wake is dominated by
coherent shedding, strong phase organization, and relatively low-
dimensional temporal evolution."*"” These features make the problem
favorable for snapshot-based, recurrent, CNN, autoencoder, and
sequence models.””*>** The benchmark is therefore valuable, but it is
also physically restricted.

Three-dimensional transition changes the learning problem
instead of merely adding one spatial coordinate. Once spanwise insta-
bility appears, the wake is no longer described by a single planar shed-
ding phase. The relevant state may include spanwise wavelength,
modal content, streamwise vortical structures, end effects, and inter-
mittent loss of coherence.”” *® Inclination, tapering, finite-span
effects, and wall-mounted configurations add further spanwise modu-
lation and geometry-dependent vortical structures.”"”** A model
trained on planar snapshots may therefore reproduce a two-
dimensional attractor while remaining blind to the variables that con-
trol three-dimensional wake organization.

Recent sectional-to-volumetric reconstruction studies make this
challenge more concrete. Matsuo et al.'”* reconstructed the three-
dimensional wake of a square cylinder from a small number of sec-
tional flow fields using coupled two-dimensional and three-
dimensional convolutional networks. This shows that spanwise wake
structure can be inferred when sectional observations contain suffi-
cient information, but it remains a reconstruction task within a
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specific simulated wake, sectional-plane arrangement, spanwise
extent, boundary condition, and training regime. It is therefore
emerging evidence for three-dimensional wake estimation rather than
proof of general transfer across three-dimensional transition routes.

2. Generalization across Re, geometry, and boundary
conditions

Current literature coverage is uneven across regimes. Evidence is
strongest for finite-horizon prediction and reduced-order temporal
learning in organized two-dimensional cylinder wakes."”"””” Sparse
reconstruction in coherent wakes is moderate to strong when observ-
ability is high.”* ** High-Re turbulent reconstruction, random-sparse
turbulent-wake reconstruction, and turbulent-region detection are
emerging directions.””'"'"" Direct evidence that networks learn tran-
sition routes such as Mode A/B, spanwise wavelength selection, obli-
que shedding, or geometry-dependent three-dimensional modes
remains weak to emerging.

Regime transfer is difficult because bluff-body wakes are sensi-
tive to Re, body shape, arrangement, inflow, confinement, and wake
state.'>'” Blockage can change the wake by constraining the sur-
rounding flow.”" Elliptical and rounded-square cylinders show that
body shape changes the instability route.”"*” Tandem or side-by-side
sharp-edged cylinders add spacing-dependent mode competition.”*"”
Machine-learning models that interpolate within a prescribed param-
eter space may therefore appear robust while remaining fragile out-
side that space. Geometry-conditioned surrogates for multiple bluff
bodies and consistent shape descriptions are promising because they
expose the model to systematic geometric variation.””''” Even these
models should be tested against physically distinct regimes, not
merely withheld samples from the same design distribution.

Consistent with the validation framework introduced in Sec.
111 C, three-dimensional and turbulent wakes require a broader evi-
dence base than visual field agreement alone. Spanwise coherence,
modal content, and force spectra are particularly relevant to three-
dimensional wake organization,5 >9% while turbulent wakes addition-
ally require statistics related to transport and loading, including
Reynolds stresses, turbulent kinetic energy, pressure recovery, spectra,
and force statistics.””**%” For learned closures, these quantities must
ultimately be assessed a posteriori in the coupled LES or RANS solver,
because accurate offline stress prediction does not guarantee stable or
physically correct wake behavior.'*>'°

Recent volumetric, turbulent, generative, diffusion, pressure-
assisted, and graph-based reconstructions extend the evidence beyond
planar cylinder benchmarks.'’"'?>!74! 12127 However, robust
transfer across three-dimensional transition, turbulent transport, and
geometry-dependent wake regimes remains limited, as does robust-
ness to changes in sensing configuration. Re and wake regime should
therefore be treated as validation variables rather than merely as input
labels."15,33738,85,80,98

E. Physics constraints, closures, and control as tests
of physical learning

1. Constraint-based models and learned closures

Physics-informed and closure-oriented models change the ques-
tion from which correlations are learned to which constraints are
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enforced. PINNs embed governing-equation residuals or conservation
laws in the training objective.”* Bluff-body applications have used
PINN-type formulations for transonic cylinder flow, velocity-pressure
inference, and reconstruction or prediction from limited data. 41,124,125
A residual constraint improves consistency with the specified equa-
tions, but it is not a complete physical explanation. The wake state
also depends on boundary conditions, separation history, and
boundary-layer transition.”' °*’" Three-dimensional instability and
wake transition add constraints that a residual loss alone does not
identify.”” " Zhang et al.'”® move this discussion closer to turbulence
closure by training PINNs with unclosed RANS equations and sparse
cylinder-flow data, using the inferred Reynolds-stress forcing to
improve mean-flow and turbulence-statistics prediction in forward
settings. This is stronger mechanism-level evidence than residual min-
imization alone because the learned closure is judged through its
effect on solver-coupled wake prediction.

The physical content of a PINN is strongest when the embedded
equations correspond to the unresolved part of the problem and
when the data are sufficient to identify the relevant state. For tran-
sonic or compressible cylinder flow, equation constraints are central
because pressure-density coupling is part of the target solution.”' For
low-dimensional laminar wakes, residual constraints can regularize
sparse-data inference and reduce unphysical fields."”>'*° For high-Re
separated wakes, unresolved turbulence introduces closure questions
that cannot be eliminated by adding an incompressible residual
alone.”"”

Closure-oriented neural networks are more directly tied to tur-
bulence modeling. Instead of replacing the flow solver, they learn sub-
grid stresses, eddy-viscosity corrections, or closure terms to improve
LES or RANS prediction of separated wakes.'”” '*” This is physically
meaningful because conventional turbulence models remain uncer-
tain when pressure drag, separation, recirculation, and Reynolds
stresses interact.”"*’ The credibility of a learned closure depends on
a posteriori tests in a coupled solver rather than on a priori stress
regression alone.'”'’° Relevant diagnostics include mean wake
recovery, drag, pressure distribution, Reynolds stresses, spectra, and
numerical stability.

2. Control policies and mechanism-level interpretation

Reinforcement-learning control provides a different test of
whether a learned policy can exploit control-relevant wake informa-
tion. In cylinder-wake control, the network represents or optimizes
an actuation policy, and success is commonly measured by drag
reduction, lift-fluctuation suppression, or wake stabilization.' !
Chatzimanolakis ef al.''* tested whether policies trained in planar cyl-
inder flows can transfer to three-dimensional cylinder flows. Such
results are more informative than a black-box reward improvement
when the learned action can be related to separation delay, wake stabi-
lization, or base-pressure recovery, subject to actuation energy, cost,
and hardware constraints.'”*'**""?

Recent studies make this robustness issue more concrete. Xia
et al."'* addressed partial observability for bluff-body drag reduction
by using body-mounted pressure measurements and history-
augmented RL states. Wang et al.'"> showed that dynamic features
extracted from sparse surface-pressure signals can improve circular-
cylinder wake control and help bridge the gap between sparse sensing
and closed-loop actuation. Chen et al.'' extended this line of work to
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high-Re turbulent cylinder control, where surface probes, zero-net-
mass-flux jets, Re variation, and spectral/mechanism analysis become
part of the validation envelope. Déda et al.'*” broadened the feedback
setting by using neural networks for flow analysis and control tasks
including stabilization, equilibrium estimation, and sensor placement.
The same physical standard applies: a learned controller or surrogate
should be evaluated by wake structure, forces, stability properties,
sensing assumptions, actuation cost, and robustness rather than by
reward alone.

In summary, current models provide convincing evidence for
reproducing several wake characteristics within canonical regimes,
particularly coherent shedding and near-wake organization. Evidence
remains weaker for physically meaningful transfer across separation
mechanisms, three-dimensional transition, turbulent transport,
learned closures, and control conditions. Model credibility therefore
depends not only on predictive accuracy, but also on which wake rela-
tionship is being claimed and which physical regime changes have
actually been tested.

V. SIGNIFICANCE AND PRACTICAL USES
A. Fast surrogate prediction for many-query problems

Neural-network modeling first changes the cost structure of
repeated bluff-body prediction. Design-space exploration, uncertainty
quantiﬁcation, optimization, monitoring, and control can require
many evaluations, while experiments and high-fidelity simulations
remain expensive.” " A trained surrogate can make these repeated
queries feasible when the task is interpolation within a stated design
or operating envelope.”””"”* This is the practical motivation behind
many field-prediction, reduced-order, neural-operator, and
geometry-conditioned studies: they exchange one expensive data-
generation stage for fast evaluation during screening, monitoring, or
preliminary design.”*”**>

This computational advantage, however, should be assessed
against an appropriate baseline.'”’ Comparisons should use a conven-
tional solver or reduced-order method at comparable accuracy and
should report data-generation and training cost, preprocessing, infer-
ence hardware and batch size, memory, target error, and the number
of queries over which offline cost is amortized. A speed-up relative
only to the high-fidelity label generator can overstate deployment
value, especially when lower-fidelity CFD or classical reduced-order
baselines already meet the required accuracy.

That computational advantage does not expand the physics
domain by itself. A surrogate trained on a prescribed Re range, body
family, inflow condition, and numerical model can support rapid
screening of wake topology or loads.”*”"”* Its credibility still depends
on training-data provenance, uncertainty reporting, and validation on
withheld physical regimes.””*” For bluff-body surrogates, domain
validity means stating which geometries, Re, blockage levels, solver
assumptions, and wake regimes are covered by the model, and which
remain outside its intended use.””"*’

Within these validity constraints, surrogate modeling is relevant
to a broad range of bluff-body applications, including wind loads on
buildings, offshore topsides and cylinders, ship airwakes, multiple-
body design, monitoring, and flow control.' #7271 91091 Mgt
published ML evidence remains proof-of-concept or workflow dem-
onstration: canonical geometries, simulated sensors, limited operating
envelopes, and offline inference. Operational deployment additionally
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requires calibrated uncertainty, latency on specified hardware, data
and sensor governance, failure handling, maintainability, and valida-
tion against the actual environment; this evidence remains compara-
tively limited.

B. Flow control and drag/noise/vibration mitigation

Active flow control is a second application scenario. DRL studies
use pressure, velocity, force, or state information to choose actuation,
with drag reduction, lift-fluctuation suppression, or wake stabilization
as typical rewards."”” """ The physical value of a policy increases
when its action resembles separation delay, base-pressure recovery,
shear-layer manipulation, or global-mode stabilization,”"**'**!>0
This interpretation matters because a control policy that only
improves a scalar reward can hide whether the actuation is exploiting
a known wake mechanism, overfitting a numerical environment, or
using a strategy that would be infeasible in hardware,''*''»"'*!*

Recent DRL studies make the deployment constraints more
explicit. Partial-measurement control of a square bluff body shows
that performance can degrade when wake-state information is
replaced by body-mounted sensors, unless the policy is designed to
account for history and energy cost."* Sparse surface-pressure sens-
ing for circular-cylinder control shows that pressure-based dynamic
features can recover useful control information without full-field
observation.''” High-Re turbulent control demonstrates that practical
relevance also requires testing sensor placement, actuation authority,
Re variation, spectra, and interpretable wake modification.''® These
examples support the review’s central claim that control success
should be interpreted through physical wake response and robustness,
not through reward reduction alone.

Reward improvement is insufficient as a deployment standard.
Actuation cost, actuator authority, bandwidth, sensor noise, time
delay, Re robustness, two-to-three-dimensional transfer, and experi-
mental feasibility must accompany drag or lift reductions."**'*"'*’
Existing robustness and experimental-transfer studies move in this
direction, but the validation envelope remains central.''>''*'"> A pol-
icy that performs well in a two-dimensional laminar simulation
should be treated as a control hypothesis, not as a deployable control-
ler, until robustness, actuation constraints, and force or noise conse-
quences have been tested.''*"'>'*

The most useful control studies therefore report both engineer-
ing and physical consequences. Engineering consequences include net
power, actuator duty cycle, hardware limits, sensor availability, and
tolerance to time delay."*>'*”'*" Physical consequences include
changes in pressure distribution, recirculation, vortex shedding, force
spectra, and wake symmetry.””**”*'* These diagnostics help distin-
guish a policy that has discovered a plausible flow-control mechanism
from one that exploits numerical details or a narrowly tuned reward
funCtion.I 11,148,149

C. Feedback to experimental and computational fluid
mechanics

Neural estimators can turn sparse measurements into wake-
state, sensor-informativeness, closure-error, or control-relevant esti-
mates. Figure 5 therefore uses a conservative deployment sequence:
accompany every reconstructed state with uncertainty or OOD indi-
cators; check recirculation, St, spectra, force statistics, Reynolds
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FIG. 5. Trustworthy sparse-observation workflow for bluff-body wake estimation and deployment.

stresses, and topology; and reject or reacquire data when the validity-
domain test fails. This separates an informative proof-of-concept
from an output suitable for monitoring, control, or CFD correction.

1. Experimental fluid mechanics

Sparse-sensor monitoring and experimental reconstruction form
a third application scenario. Pressure-to-field, PIV-based, and
limited-sensor studies show how partial observations can estimate
wake states.”” " Their practical contribution is observability analysis:
which pressure taps, PIV planes, force signals, or probes contain
enough information to infer a target wake quantity.'”*'* This is par-
ticularly relevant for digital-twin-type workflows, where available
measurements are often sparse, noisy, asynchronous, or limited to
accessible surfaces, while the desired state may include near-wake
velocity, vortex phase, loading, or a warning indicator for regime

53,87

change.

ML-based reconstruction should be treated as an estimator with
explicit observability limits, not as a direct measurement of unob-
served flow structures.'”®'*’ Independent PIV, pressure, force, spec-
tra, calibration, and uncertainty checks are therefore part of the
method, especially in digital-twin-type workflows.”****” A recon-
struction that preserves coherent shedding in a laminar cylinder wake

P - 96,97,99 3 i
is informative, but the same estimator may become nonunique

in turbulent, three-dimensional, or multi-state wakes.”” ***” Sensor
calibration, dropout tests, time-delay sensitivity, and independent val-
idation define the practical credibility of this scenario.’”'*

This distinction is important for experimental programs because
reconstruction can otherwise look more precise than the measure-
ments allow.”**'*" A pressure-to-velocity or sparse-probe-to-field
model may supply a dense visual field, but that visual field is condi-
tional on the training data, sensor layout, calibration, and assumed
wake regime.”” "’ For reporting, the practical question is therefore
not merely whether the reconstructed image is plausible, but which
unmeasured quantities are actually observable from the available
Signals.53,128,ll‘)

2. Computational fluid mechanics

Hybrid CFD-ML closure or correction is the fourth application
scenario. Neural networks can accelerate parametric studies, provide
learned corrections, or supply turbulence-closure terms inside solver-
based workflows.'”” ' This role is credible when the solver retains
conservation, boundary conditions, transport structure, and interpret-
ability, while the learned component supplies fast maps, closure cor-
rections, or error cornpensation.?’&”("''lz For separated wakes, this
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division is more defensible than a pure black-box replacement
because pressure recovery, recirculation, Reynolds stresses, and vortex
shedding remain constrained by the numerical model and its bound-
ary conditions.”” *"**1*

A complementary hybrid strategy is to accelerate expensive
internal solver operations rather than replace the flow solution
itself.”'** In segregated incompressible CFD, pressure-velocity cou-
pling requires repeated solution of a pressure Poisson equation, and
the associated pressure-projection step can constitute a major compu-
tational bottleneck.'®" Recent studies have therefore used data-driven
multigrid methods and neural-network surrogates to accelerate pres-
sure projection, provide pressure updates or improved initial esti-
mates, and reduce pressure-correction iterations while retaining the
conventional CFD solver around the learned component.'®'~'** This
represents a distinct form of CFD-ML acceleration in which the
learned model targets a computational bottleneck rather than the
complete wake field.

The standard for hybrid CFD-ML is solver-coupled behavior:
mean forces, base pressure, recirculation length, pressure recovery,
Reynolds stresses, spectra, stability, grid/domain transfer, and robust-
ness after the learned component is embedded in the computa-
tion.'"”” """ A priori stress or coefficient accuracy is useful during
model development, but practical credibility requires showing what
happens when the learned component interacts with the solver, the
grid, and the wake dynamics it is meant to correct.

Across these applications, practical value depends on the deci-
sion being supported: screening, monitoring, solver correction, or
control.” 7~ Each decision requires its own evidence standard, so
application claims should be tied to validity domain, observability,
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solver coupling, or actuation-aware robustness rather than to a single
. 87,147,149
generic accuracy number.

VI. FUTURE PERSPECTIVES

A. From task-specific success to physical
generalization

Future benchmarks can distinguish among three distinct goals:
in-support consistency, transfer to held-out physical regimes, and extrapo-
lation to genuinely new physics. Useful regime-transfer tests hold out
complete Re intervals, blockage levels, geometry families, or finite-span
configurations; unseen-physics stress tests may add a new instability route,
end-effect vortex system, confinement-induced asymmetry, compressibil-
ity mechanism, or drag-crisis state.”” **°"** "7 7*%% Reporting which
category is tested prevents ordinary interpolation from being called OOD
generalization and avoids treating failure when the relevant physics is
absent from the training data as a universal minimum-standard failure.

Figure 6 places these three levels of generalization in the context
of current research. Current studies are concentrated on in-domain
prediction and reduced-order modeling of canonical wakes, while
emerging work addresses sparse observation, geometry conditioning,
graph/transformer reconstruction, generative reconstruction, and
three-dimensional estimation. The major gap zone is physical transfer
across three-dimensional transition, high-Re turbulent transport,
finite-span or wall-confined wakes, experimental actuation, and
uncertainty-aware deployment.

Achieving such physical generalization also requires neural-
network formulations to engage more explicitly with the mathemati-
cal structure of fluid mechanics. Physics-informed machine learning
provides one framework for combining data with governing
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equations and constraints.""> Neural operators provide another
framework by learning mappings between function spaces for simula-
tion and design.”* PINNs and neural operators enter the modeling
problem through equations, residuals, or operator priors."”*'*
Learned closures enter at the level of unresolved stresses or model-
form correction.'””'” The central challenge is not simply adding
equations to a loss function, but choosing whether physics should
enter as an input representation, a constraint, an operator prior, a clo-
sure term, a differentiable solver, or a validation diagnostic. For bluft-
body flows, this choice should be guided by the mechanism being
modeled: a pressure-to-field network, a learned SGS closure, and a
reinforcement-learning controller encode and use physics differently.

B. Experimental, computational, and closure-oriented
futures

Future progress also depends on closer integration with experi-
ments. Vinuesa et al.”’ argue that machine learning can augment
measurement fidelity, improve experimental design and digital-twin
models, and enable real-time estimation and control in experimental
fluid mechanics. For bluff-body applications, this means moving
beyond idealized full-field training data toward pressure taps and
force balances.” It also means using limited PIV and sparse or noisy
probes as first-class data sources.”” ”® For control studies, actuator-
constrained feedback should be tested as a first-class experimental
condition.'””!'"” The most valuable future studies will report recon-
struction error and quantify observability, uncertainty, sensor robust-
ness, and the physical consequences of missing information.

On the computational side, hybrid CFD-ML is a promising
route when the division of work between the solver and the learned
component is explicit. Rather than replacing the governing solver
wholesale, learned models can provide surrogate mappings, model-
form corrections, or unresolved closure terms while the numerical
framework retains conservation, boundary conditions, and transport
structure. Solver-internal acceleration, including learned assistance
for pressure-velocity coupling and pressure Poisson solves, provides
another hybrid route in which machine learning targets a computa-
tional bottleneck while the numerical solver retains the governing
transport structure.'®” Closure-oriented approaches are particularly
relevant to separated bluff-body wakes, where learned SGS or RANS
corrections must remain stable when coupled back to the solver rather
than merely reproduce offline training targets.'””"'"""**'** A posteri-
ori assessment should therefore include drag, base pressure, wake
recovery, Reynolds stresses, spectra, numerical stability, and robust-
ness to grid, operating-condition, or model changes.

C. Uncertainty, out-of-distribution generalization, and
sensor-aware validation

A major requirement for future bluff-body-flow learning is
uncertainty-aware validation. Here, uncertainty includes measure-
ment noise in PIV, pressure, and force signals;‘”‘gg‘gk) numerical
uncertainty associated with grids, domains, boundary conditions, and
turbulence models;”'**'* epistemic uncertainty caused by sparse
coverage of Re, geometry, blockage, or inflow conditions;”” and alea-
toric variability associated with turbulent wake fluctuations.”” Each
type should map to a validation action, such as calibration curves for
probabilistic outputs, sensor perturbation for measurement uncertainty,

REVIEW pubs.aip.org/aip/pof

and held-out regimes for epistemic uncertainty.”” A deterministic
neural-network prediction may therefore be visually accurate in an
interpolation-oriented test while becoming unreliable when the wake
regime, geometry, sensor layout, or observation process changes.

Consistent with the generalization framework in Sec. VIA,
OOD claims should state whether the test concerns in-support varia-
tion, transfer across a held-out physical regime, or genuinely unseen
physics. For sensor-based models, changes in the observation process
should be distinguished from changes in the underlying wake regime:
withholding a sensor layout, introducing sensor dropout, or perturb-
ing measurement noise tests robustness to observability, whereas
withholding Re, geometry, spacing, blockage, inflow, finite-span con-
ditions, transition, or turbulence regime tests physical generaliza-
tion,”” *##7 ¥712812% Random snapshot splits alone provide neither
type of evidence.

Table IIT is intended to align uncertainty sources, robustness
tests, wake-relevant diagnostics, and minimum evidence thresholds
so that validation claims are comparable across prediction, recon-
struction, closure, control, and geometry-conditioned surrogate tasks.

Uncertainty tools should be tied to specific bluff-body validation
purposes. Ensemble spread can be checked against reconstruction
error; calibration curves test whether predicted intervals are reliable;
sensor perturbations quantify measurement uncertainty; regime hold-
outs expose epistemic uncertainty; and generative or diffusion sam-
ples test distributional plausibility in sparse reconstruction.””''*"”’
Measurement-noise and calibration checks are especially important
when the target field is inferred from PIV, pressure, or sparse sen-
sors.”*%**” These checks matter for design, monitoring, control, and
digital-twin workflows because model outputs may influence deci-
sions.”*” Future studies should therefore report prediction intervals,
calibration quality, failure cases, and the physical conditions where
the model should not be used.

Progress will increasingly depend on explicit reporting of
domain validity, data provenance, uncertainty, sensor assumptions,
failure modes, and physical diagnostics.””*” This requirement is con-
sistent with review-level perspectives on physics-informed machine
learning and neural operators,”'** experimental fluid mechan-
ics,”"*%  turbulence-model learning,m"‘m”u"143 modal/reduced-
order analysis,””"”” and DRL-based control."**"** For bluff-body
flows, trustworthy learning means specifying what has been learned,
where it is valid, how it fails, and how the learned representation
improves experiment, simulation, or control.

VII. CONCLUSIONS

This review leads to five take-home messages. First, the strongest
current evidence for neural-network modeling is found in canonical,
data-rich, and organized wake regimes. Second, physical learning
should be treated as an evidence-based concept and requires valida-
tion of wake-relevant physical relationships, not pointwise or field-
wise accuracy alone. Third, three-dimensional transition, turbulent
transport, geometry-dependent regime transfer, and sparse or noisy
observations remain difficult tests. Fourth, hybrid CFD-ML, experi-
mental reconstruction, and control workflows become credible when
paired with physical constraints, uncertainty, observability checks, fair
computational baselines, and regime-aware validation. Fifth, future
benchmarks should be regime-aware, sensor-aware, uncertainty-
aware, and force-, spectra-, and topology-aware.
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A model can be credible inside a sampled coherent wake regime
and unreliable under untested changes in Reynolds number, geome-
try, three-dimensionality, turbulence, sensors, or actuation. Such tests
should distinguish interpolation within a represented regime, transfer
to physically held-out regimes, and extrapolation into genuinely
unseen physics. The field should therefore report training domain,
data fidelity, observability assumptions, uncertainty, and wake-
relevant diagnostics as part of every strong claim.

Neural networks are most valuable when they clarify what infor-
mation controls a wake prediction, reconstruction, closure, or policy.
They are weakest when treated as architecture-level replacements for
physical reasoning. The review’s central message is conditional:
learned models can advance bluff-body science and engineering when
their validity limits, failure modes, deployment constraints, and physi-
cal evidence are made explicit.
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APPENDIX: LITERATURE SELECTION AND
CLASSIFICATION METHOD

The literature search was conducted as a narrative, physics-
oriented search, not as a bibliometric or PRISMA-style systematic
review. The search was last updated in August 2026 using Web of
Science, Scopus, Google Scholar, ScienceDirect, SpringerLink,
Cambridge Core, AIP Publishing, APS, and Taylor & Francis, sup-
plemented by backward and forward citation tracking from canoni-
cal wake, review, turbulence-modeling, and scientific-ML sources.

Searches combined bluff-body and wake terms with neural
network, physics-informed neural network, neural operator,
reduced-order model, sparse sensing, pressure-to-field, multi-
fidelity, hybrid CFD-ML, differentiable physics, industrial surro-
gate, learned LES/RANS closure, reinforcement learning, uncer-
tainty, and OOD generalization. Studies were selected when the
learning formulation could be connected to a wake mechanism,
modeling task, or evidence requirement rather than counted by
architecture keyword alone.

pubs.aip.org/aip/pof

Included studies directly involved bluff-body wakes or closely
related separated-flow configurations, including circular cylinders,
rectangular or square cylinders, finite cylinders, wall-mounted bluff
bodies, prisms, multiple bluff bodies, and generic bluff-body sections.
Studies were included when they used neural-network-based or closely
related learning methods for flow-field prediction, reconstruction,
reduced-order modeling, physics-informed inference, closure model-
ing, geometry-conditioned surrogate prediction, or active flow control.
Classical and review-level bluff-body references were included when
they defined separation, coherent shedding, three-dimensional transi-
tion, wake topology, force response, pressure coupling, or turbulence
mechanisms needed to interpret machine-learning results.

Broader scientific-machine-learning, neural-operator, sparse-
reconstruction, uncertainty, and data-driven mechanics papers were
treated as methodological support instead of as primary bluff-body
evidence. Generic channel-flow, isotropic-turbulence, airfoil, or
cavity-flow learning papers were not treated as direct bluff-body evi-
dence unless they informed a method subsequently used for bluft-
body wake modeling. Purely non-neural POD, DMD, Koopman, or
SINDy studies were used only when they were coupled to, or directly
interpreted, neural-network formulations. Pure CFD or experimental
bluff-body studies were included only when they supported the physi-
cal mechanisms used to evaluate neural-network learning. Conference
abstracts, inaccessible preprints, and non-peer-reviewed sources were
avoided unless a specific methodological reason justified their use.

Tables T and II are representative classification tools, not
exhaustive bibliographic inventories. Table I classifies studies by
the physical mechanism or modeling claim they address: near-
wake organization, coherent shedding, sparse observability,
pressure-wake coupling, three-dimensional or turbulent wake com-
plexity, closure, control, compressible or transonic flow, and geom-
etry dependence. Table II classifies studies by neural-network
formulation: snapshot prediction, sparse reconstruction, reduced-
order temporal modeling, pressure-to-field mapping, PINNS,
conservation-informed CNNs, closure learning, reinforcement
learning, and geometry-conditioned surrogates.

For Fig. 4, the qualitative evidence level was determined from
the combined strength of the available studies rather than from the
number of publications alone. We considered whether a study pro-
vided direct bluff-body wake evidence, whether it reported quanti-
tative physical diagnostics beyond field-wise error, whether it
tested robustness, uncertainty, or out-of-distribution transfer, and
whether the results were supported by independent numerical or
experimental validation. This conservative grading is intended to
indicate the credibility of mechanism-level claims, not the popular-
ity of a neural-network architecture.

A study was assigned to more than one row only when it gen-
uinely supported more than one interpretation. It was not placed
in a row merely because it used a similar architecture; the physical
claim, flow case, model input, model output, and validation target
had to match the row definition. When a cited work came from
broader fluid mechanics instead of a bluff-body-specific case, the
table wording was kept explicit about that limitation. The represen-
tative examples in the tables were classified only when their model
inputs, outputs, flow cases, and stated physical applications sup-
ported the corresponding category, rather than on the basis of
architecture keywords alone.
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Because the purpose of this article is to interpret physical
trends rather than to produce a complete bibliometric index, the
review may not include every neural-network study involving sepa-
rated flows. The classification should therefore be read as a synthe-
sis of representative evidence. The main conclusions depend on
whether current studies support mechanism-level claims about
bluff-body-flow learning, not on the raw number of papers in each
architecture category. The resulting taxonomy is also time-depen-
dent: rapidly developing areas such as neural operators, uncertainty
quantification, closure learning, and experimental digital twins will
require periodic reassessment as more bluff-body-specific evidence
becomes available.
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