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ABSTRACT

We investigate deep dynamic stall over a pitching NACAO0012 airfoil using wall-resolved Large Eddy Simulations at
Reynolds number 135000 and reduced frequency 0.1. The influence of the span-to-chord ratio on unsteady aerody-
namic behavior is assessed through simulations with varying span lengths from 0.2¢ to 1.2¢. Results demonstrate that
smaller spans introduce significant two-dimensional effects, affecting lift, drag, and vortex dynamics. The simulation
data are compared against experimental measurements and state-of-the-art RANS and hybrid RANS/LES methods.
Furthermore, a reduced-order model based on deep learning is developed using a flow-matching diffusion approach
with a DiT architecture. This model successfully predicts flow fields across a wide range of operating conditions, with
high fidelity and a fraction of the computational cost. The integration of high-fidelity simulations and efficient ROMs
offers a robust pathway toward real-time aeroelastic simulations and advanced control strategies in rotorcraft design.

INTRODUCTION

Dynamic stall is a transient, unsteady aerodynamic phe-
nomenon that occurs when airfoils experience rapid changes
in their angle of attack. Unlike static stall, where lift suddenly
decreases once the airfoil exceeds a critical stall angle, dy-
namic stall involves a sequence of complex events. Initially,
the rapid angle change triggers the separation of the attached
boundary layer, leading to the formation of a dynamic stall
vortex (DSV) that convects along the suction surface. As
this vortex develops, it interacts intricately with the boundary
layer. At angles exceeding the static stall limit, the dynamic
stall mechanism induces extensive flow separation over a large
portion of the airfoil. This flow separation initially results in
a transient increase in lift over the static limit, which, at high
forward speeds, can contribute to helicopter trim. However,
this is invariably followed by a pronounced and often delayed
loss of lift, accompanied by a substantial increase in aero-
dynamic drag and a significant nose-down pitching moment.
These unsteady aerodynamic loads can severely affect the per-
formance and structural stability of the system. Consequently,
dynamic stall is a critical factor in the design and operation
of various aerodynamic structures, notably in helicopter rotor
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blades, wind turbines, and during high-performance aircraft
maneuvers. In rotorcraft, the unsteady aerodynamic loads
produced by dynamic stall can lead to significant structural
fatigue, increased vibration, and elevated noise levels, ulti-
mately affecting both performance and the operational lifes-
pan of the rotor system. Moreover, dynamic stall remains one
of the major limiting factors in achieving maximum advanc-
ing speeds (Ref. 1).

The inherently complex and transient nature of dynamic stall
poses a substantial challenge in the modeling, simulation, and
design of aerodynamic systems operating under such condi-
tions (Ref. 2). To address this, research efforts are largely
directed toward advancing high-fidelity Computational Fluid
Dynamics (CFD) tools and developing low-fidelity reduced-
order models (ROMs) for effective flow control strategies. A
deeper understanding of dynamic stall and its effects is cru-
cial for refining the design and control of aerodynamic struc-
tures. Ultimately, these advancements contribute to safer and
more efficient flight, enhanced wind energy generation, and
improved aerodynamic performance across a wide range of
operating conditions.

A substantial body of research on dynamic stall employs Un-
steady Reynolds-Averaged Navier-Stokes (URANS) models
and hybrid RANS/LES techniques (Ref. 3). These studies
generally find that discrepancies between experimental re-
sults and numerical simulations often stem from the turbu-
lence model used to close the RANS equations. A wide
range of turbulence models has been analyzed, from the one-
equation Spalart-Allmaras model and full Reynolds stress
models (RSM) to the widely adopted k — € and k — @ SST
models. Additionally, transition models, such as the recent
k — o SST with the intermittency equation, are also in use.



In the domain of hybrid strategies, detached eddy simulations
(DES) along with its improved versions (DDES, IDDES) are
common, and more recent methods like scale adaptive simula-
tions (SAS) and stress-blended eddy simulations (SBES) have
been introduced.

Large Eddy Simulations (LES) are also extensively used to in-
vestigate dynamic stall. Research using LES has explored var-
ious parameters for finite wings, including aspect ratio, sweep
angle, and compressibility effects, as well as studies on nomi-
nal infinite wings via periodic spanwise boundary conditions.
Best practices in DES, as outlined in (Ref. 4), recommend
a spanwise extent of at least one chord length to accurately
capture the DSV, whose size is experimentally known to be
roughly equivalent to the airfoil chord during deep dynamic
stall (Ref. 5). Despite these guidelines, many LES studies
still use extruded airfoil geometries with spanwise lengths be-
tween only 5% and 20% of the chord length (Ref. 6).

Given the high computational expense of dynamic stall CFD
simulations, ROMs are essential for reducing the cost of anal-
yses such as aeroelastic evaluations and flight mechanics stud-
ies. Currently, the Leishman-Beddoes and ONERA mod-
els are the most widely used. The Beddoes model origi-
nated in the 1970s with an indicial formulation. The latest
version, known as the Third Generation Model (Ref. 7), re-
fines load prediction accuracy at low Mach numbers and re-
duced frequencies by introducing two additional equations
compared to earlier versions. In contrast, the ONERA model
describes unsteady airfoil behavior through a set of nonlin-
ear differential equations that predict time-domain responses.
Rather than employing physics-based modeling, the ONERA
approach emphasizes capturing the hysteresis characteristics
of dynamic stall. The most recent version, referred to as the
ONERA BH model, is presented in reference (Ref. 8).

This work employs a wall-resolved LES framework to sim-
ulate a NACAOQO012 airfoil undergoing a complete sinusoidal
pitching cycle at Reynolds number Re = 135 000 and reduced
frequency k = wc/2V.. = 0.1, where @ is the pitching fre-
quency. The primary objective is to quantify the influence
of the spanwise dimension on the aerodynamic response dur-
ing both the upstroke and downstroke phases. Span lengths
ranging from 0.2¢ to 1.2¢ are examined to assess how dy-
namic stall characteristics evolve with span variation. The
simulation results are compared with experimental data from
Lee et al. (Ref. 9) and against state-of-the-art RANS and hy-
brid RANS/LES models, in order to determine whether the
discrepancies observed arise from the turbulence model em-
ployed or from other factors, such as surface roughness or
wind tunnel effects. Additionally, this study introduces a
reduced-order model based on deep neural networks to predict
force and moment coefficients throughout the entire pitching
cycle, encompassing small oscillations as well as both light
and deep dynamic stall conditions. By employing diffusion
models, it captures not only the average profile behavior but
also the stochastic cycle-to-cycle variations. The primary ob-
jective is to develop a model that efficiently computes aero-
dynamic loads for integration into an aeroelastic simulation
framework. Unlike semiempirical models that rely on prede-

fined laws, such as the Leishman-Beddoes one, and require
tuning for each operating condition, the present approach as-
sumes no constraints on the flight conditions.

NUMERICAL SIMULATION SETUP

The present numerical simulations are designed to replicate
the experimental conditions described by (Ref. 9). Specifi-
cally, the study focuses on a NACAO0012 airfoil subjected to a
sinusoidal pitching motion, defined by:

o(t) = 10° + 15°sin (18.67Hz - 1) (1)

The simulations are performed at a Reynolds number of Re =
1.35 x 10° and a reduced frequency of k = wc/2V.. = 0.1. The
free-stream velocity is fixed at V.o = 14 m/s, with the ambient
pressure maintained at P, = 1 atm.

The computational mesh employed in this study is gen-
erated using Cadence® Fidelity Pointwise v2023.2. To
avoid non-physical flow features often introduced by strongly
anisotropic elements in conventional C-grid topologies, par-
ticularly near the trailing edge (Ref. 3), an O-grid configu-
ration is adopted. Table 1 summarizes the properties of the
two-dimensional mesh. The curvilinear coordinate & devel-
ops along the airfoil surface, while 1 denotes the wall-normal
direction. The O-grid is constructed via a hyperbolic extru-
sion process originating from the airfoil surface, with a geo-
metric growth rate of 1.03 governing the wall-normal spacing.
The mesh satisfies established resolution guidelines for wall-
resolved large-eddy simulations (Refs. 10, 11), which typi-
cally recommend £t < 40, nt < 5, and z" < 20 near the
wall. These criteria are met across all mesh configurations,
even under the most demanding flow conditions, such as high
angles of attack where local velocities exceed twice the free-
stream value. Accordingly, the first grid point is placed at a
distance of 10~*¢ from the wall. Special attention is given
to element sizing near the leading and trailing edges, regions
critical for resolving dynamic stall. The leading edge is par-
ticularly important due to the presence of a laminar separation
bubble during pitch-up, where the DSV originates. The trail-
ing edge is equally crucial, as it often marks the beginning of
flow separation. To improve mesh quality and convergence
behavior, the blunt trailing edge is connected to a circular arc,
enhancing element orthogonality and avoiding the imposition
of an artificial separation point. At the airfoil nose, the stream-
wise grid spacing is Ajeading edge = 6.67 X 10~*¢, while at the
trailing edge it is Adrailing cdge = 4.35 X 10~*¢. To reduce the
mesh size, a coarser resolution is used on the pressure side,
which plays a less fundamental role in DSV advection. The
suction side is discretized with 550 nodes, yielding an aver-
age spacing of AE .o, = 1.88 x 107 ¢, whereas the pres-
sure side uses 385 nodes with A& pressure = 2-:09 X 1073¢. All
meshes extend to a farfield boundary located at 50c from the
airfoil to minimize domain-induced interference. The three-
dimensional grid is generated by uniform extrusion of the two-
dimensional O-grid in the spanwise (z) direction. The number
of nodes in this direction is selected to meet LES resolution
criteria (Ref. 12). For the smallest spanwise extent of 0.2c,



Figure 1. Details of the three-dimensional mesh of the wing section with span-to chord ratio of 1.2.

Table 1. 2D O-grid specifications. The size of the elements is made dimensionless by the chord size c.

Ne Np  Nodes  Quads

AéE

A&TE Esuction Epressurc

934 334 311956 311622 6.67-10%

435-100% 1.88-1073 2.69-1073

Table 2. Adopted grid specifications. Resolution in 7 direc-
tion is kept constant.

Spansize N, Nodes Hexahedra
0.2¢ 201 62.7M 62.1M
0.4c 401 125.1M 124.3M
0.8¢ 801 249.9M 248.6M
1.2¢ 1201  374.7M 372.8M

201 points are used. Maintaining constant spanwise resolu-
tion, the grids for extents of 0.4c, 0.8¢, and 1.2c employ 401,
801, and 1201 nodes, respectively. Details of these configura-
tions are listed in Table 2.

The incompressible LES equations are solved using ANSYS
Fluent 2023R2. Spatial discretization employs a second-
order upwind scheme, with gradient reconstruction via a least-
squares cell-based method. Fluxes are computed using the
Rhie-Chow momentum interpolation. Time integration is per-
formed using a bounded second-order implicit scheme, and
pressure-velocity coupling is handled through the SIMPLEC
algorithm. The WALE subgrid-scale model is employed to en-
sure appropriate near-wall eddy viscosity behavior without re-
quiring empirical damping functions. The pitching motion is
discretized over 144,000 time steps, maintaining a CFL num-
ber near unity. The airfoil undergoes rigid-body rotation, with
the angular velocity prescribed by a user-defined function:

&(t) = woycos(mt),

where o is the pitch amplitude. To apply the mean angle
of attack oy, the mesh is rigidly rotated before the unsteady
simulation begins. To accelerate convergence, the simulation
proceeds in three stages. A steady RANS solution at o is first

Table 3. Range of conditioning inputs defining the operat-
ing conditions.

Variable Min Max
Mach 0.3 0.5
o7 5° 10°
Q; 5° 10°
k 0.05 0.1

computed as a precursor step to initialize the flow field. Next,
the unsteady pitching simulation is initiated with a negative
pitch rate, and the initial quarter-cycle of pitch-down motion
is discarded (Ref. 0). Finally, a complete pitch cycle is simu-
lated, and the resulting flow field is analyzed.

Neural Network Dataset Generation

The datasets used for training and testing the neural network
are generated by solving the unsteady, compressible, two-
dimensional RANS equations around a sinusoidally pitching
NACAO0012 airfoil. The numerical setup follows best prac-
tices established in prior studies (Refs. 13, 14) and follows the
best practice outlined for the LES simulation.

The design space is defined as a four-dimensional hypercube,
where each dimension corresponds to a conditioning input for
the neural network. Free-stream conditions are characterized
by the Mach number, while the Reynolds-to-Mach ratio re-
mains constant due to a fixed airfoil chord and a uniform free-
stream temperature of 15°C. The remaining inputs describe
the airfoil’s motion: the mean angle of attack (o), pitching
amplitude (o), and reduced frequency (k = wc/2V..). The
ranges of these parameters are listed in Table 3. To ensure



comprehensive and uniform coverage of the design space,
we employ Halton’s low-discrepancy sequence to sample op-
erating conditions. Unlike purely random sampling, low-
discrepancy sequences offer superior space-filling properties
by minimizing clustering, particularly in high-dimensional
domains (Ref. 15). The hypercube is sampled at 128 points
for training and 16 points for testing, with different random
seeds used to avoid overlap between datasets. Each point rep-
resents a nominal operating condition. To introduce variabil-
ity, we generate 32 perturbed instances per nominal condition
using multiplicative Gaussian noise:

Xperturbed = (1 + </V(07 0-02))xnominala

where .47(0,0.02) denotes a normal distribution with zero
mean and a standard deviation of 0.02. This results in 4 096
simulations for training and 512 simulations for testing. Each
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Figure 2. Spatio-temporal contour of the post-processed
skin friction coefficient (7,,) over one complete pitching cy-
cle.

simulation output is stored as a three-dimensional array with
dimensions corresponding to time steps, discrete surface lo-
cations, and physical variables. For computational efficiency,
each field is downsampled to a resolution of 128 x 128. The
saved variables include absolute pressure, density, tempera-
ture, signed skin friction, and tangential velocity gradients
along the airfoil surface. This approach is mesh-independent,
relying solely on surface data. Skin friction values are post-
processed to reflect directional information. The sign is deter-
mined by the orientation of the 7,, vector: positive if aligned
with the counterclockwise curvilinear coordinate (from trail-
ing edge, around the airfoil, back to the trailing edge), and
negative otherwise. This signed convention allows in identify-
ing regions of flow separation and stall, providing informative

inputs for the neural network. An example of the resulting 7,,
distribution over a full pitching cycle is shown in Figure 2.

Neural Network Architecture and Training Details

Flow matching has emerged as a promising alternative to dif-
fusion models due to its more direct and efficient approach
to generative modeling. Flow matching holds the potential
to produce high-quality samples with fewer function evalua-
tions (Ref. 16). In this work, flow matching with conditional
optimal transport is adopted to predict the flow field distri-
butions, conditioning the process with the physical operating
state.

Transformer architectures have demonstrated broad suc-
cess across domains such as natural language process-
ing, computer vision, reinforcement learning, and meta-
learning (Ref. 17). Their scalability with respect to model
size, data, and compute has led to state-of-the-art performance
in both autoregressive modeling and vision tasks, includ-
ing Vision Transformers (ViTs) (Ref. 18). In this work, we
adopt the Diffusion Transformer (DiT) architecture proposed
by (Ref. 19) as the backbone of our flow-matching model,
with minor modifications. The model conditions its predic-
tions via adaptive layer normalization, adalLN-Zero, where
the scale and shift parameters are derived from a joint em-
bedding of the time step ¢ and operating conditions ¢. To im-
prove computational efficiency, we implement several archi-
tectural changes. Quadratic attention is replaced with linear
attention, and the original label embedder is substituted with
a two-layer linear network. The first layer employs a SiLU ac-
tivation function, and the second maps the result to the desired
embedding of the airfoil’s operating conditions. The model is
also downsized to include 4 DiT blocks, a patch size of 4, a
hidden size of 128, and 4 attention heads. This results in a
compact model with 1.295 million parameters and a compu-
tational cost of 1.682 GFLOPs.

The implementation is based on PyTorch v2.5.1 and leverages
the Distributed Data Parallel (DDP) module to scale training
across devices. Neural network compilation is enabled to re-
duce overhead. The AdamW optimizer is used with a fixed
learning rate of 1074, B; = 0.5, B, = 0.999, and zero weight
decay. A global batch size of 64 is adopted to avoid the need
for learning rate scaling. Training is conducted for 32000
epochs (equivalent to 2048 000 training iterations), and an
Exponential Moving Average (EMA) with a decay factor of
0.999 is adopted.

To assess the physical fidelity of the predictions, we compute
residuals associated with key physical laws. The ideal gas law
residual, %, is calculated by comparing the predicted pres-
sure P with the pressure inferred from the predicted density p
and temperature 7 using the equation of state:

Hig =P —PBy
=P—pRT

Similarly, the skin friction residual, %;, quantifies the differ-
ence between the predicted skin friction and the value com-
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Figure 3. Spanwise size comparison of lift and drag coefficients for the simulated cycle. Experimental data from (Ref. 9).

puted from the tangential velocity gradient scaled by the local
viscosity:

*
K =Ty — T,

-
dn n=0
T 3 2 2
et )G
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where U is the dynamic viscosity determined via Sutherland’s

law, and du, /dn denotes the wall-normal gradient of the tan-
gential velocity component.

RESULTS

WRLES analysis

This study investigates the influence of limited spanwise wing
dimensions on dynamic stall behavior, employing wing ge-
ometries with four different span-to-chord ratios: L./c =
0.2,0.4,0.8,1.2.

Figure 3 illustrates the instantaneous lift and drag coefficients
as functions of the angle of attack for different span sizes. If
the flow remains predominantly attached, all configurations
exhibit similar aerodynamic behavior. During the early up-
stroke phase, from o = —5° to approximately o = 22°, the
variation in lift coefficient Cy, across span-to-chord ratios re-
mains within 0.05. However, significant divergence emerges
as the LSB detaches and a DSV forms around o = 22°, par-
ticularly for the two smallest span-to-chord ratios. Notably,
these configurations exhibit a more pronounced first lift peak
during the pitch-down phase, surpassing the corresponding
peaks observed for larger spans. This difference is accentu-
ated at lower angles of attack, where interaction between the
DSV and trailing-edge vortex (TEV) yields a lift enhancement
of up to 0.5 in Cp, and a drag increase of 0.3 in Cp during the
climb phase. Conversely, larger-span configurations follow

trends more consistent with experimental data, although with
an approximate offset of 0.25 in Cy, during pitch-down.

The temporal evolution of the DSV and TEV is depicted in
Figure 4, showing spanwise-averaged distributions of pres-
sure coefficient C,, and skin friction coefficient Cy on the suc-
tion side. Transition from a laminar to turbulent boundary
layer begins at the trailing edge near o@ = 2°, progressing to-
ward the LSB by o = 10°. By o = 15°, the DSV becomes
discernible, fully developing and reaching the trailing edge
at oo = 22°, where it interacts with the TEV. Post-interaction
flow behavior varies with spanwise extent. For L, /¢ = 0.2 and
0.4, two dominant pressure peaks emerge at the trailing edge,
followed by a weaker third, along with vortex shedding from
the mid-chord. In contrast, larger-span geometries exhibit a
distinct pattern: while the DSV-TEYV interaction still induces
a pressure peak, it is of lower magnitude and is followed by
full flow separation without clear recurring structures.

Figure 5 shows contours of instantaneous velocity magni-
tude at selected angles of attack, providing further insight
into span-to-chord effects on flow dynamics. During the up-
stroke, spanwise dimension has minimal influence; similar
flow structures are observed across all cases. However, at
the maximum angle of incidence, the impact of spanwise ex-
tent becomes evident. Smaller span-to-chord ratios (0.2 and
0.4) exhibit more coherent, two-dimensional DSV cores with
elevated velocity peaks, a result of limited spanwise inter-
action due to boundary constraints. Larger-span configura-
tions develop finer-scale turbulent structures, indicative of en-
hanced three-dimensional interactions. This distinction inten-
sifies during the descent phase. Configurations with smaller
spans display persistent, pronounced vortical structures, while
larger spans show a more diffuse, fully stalled wake. A par-
ticularly notable contrast arises at @ = 10°, where the largest-
span geometry shows complete stall, while the 0.8c case re-
tains oscillatory wake patterns.

Further evidence of three-dimensionality is provided by the
spanwise distributions of Cr, shown in Figure 6 at a = 10°
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Figure 4. Spanwise averaged pressure and friction coefficient over the suction side of the wing section.

and o = 22°, covering both upstroke and downstroke phases.
These contours reinforce prior observations: during upstroke,
recirculation zones, identified by regions of negative Cy, re-
main similarly aligned across all cases. The most notable
variations arise at the maximum angle of attack and during
descent, where three-dimensional structures emerge promi-
nently for larger-span geometries. Interestingly, at o = 22°,
the Cy distributions converge across all configurations, sug-
gesting that at peak incidence, the spanwise effects become
less pronounced. Additionally, at o = 10°, the two largest-
span cases exhibit comparable qualitative behavior, further
emphasizing the role of geometric extent in modulating tran-
sitional flow regimes.

Comparison with RANS and hybrid RANS/LES ap-
proaches

We now present a comparative analysis between the LES re-
sults discussed in the previous section and those reported
by (Ref. 3). In their study, two different numerical approaches

were employed: a two-dimensional unsteady RANS simu-
lation and a three-dimensional hybrid RANS/LES method.
For the RANS simulation, the k—~@ SST turbulence model
was used in combination with the y-intermittency transition
model, referred to as iSST, to more accurately capture the
laminar-to-turbulent transition within the boundary layer. The
hybrid approach utilized a Stress-Blended Eddy Simulation
(SBES) framework, also coupled with the same RANS turbu-
lence model. The LES corresponds to the geometry with a
span-to-chord ratio of 1.2.

Figure 7 compares the profile loads obtained from these
numerical simulations with experimental measurements re-
ported by (Ref. 9). For attached flow conditions, the predicted
Cy, curves from all numerical models are closely aligned, with
a maximum discrepancy of 0.05. The most significant devia-
tion between numerical and experimental results occurs in the
angle of attack corresponding to peak lift: 22° for the sim-
ulations versus 24° in the experimental data. Interestingly,
all numerical models, including the WRLES approach, con-
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Figure 5. Instantaneous velocity magnitude contour at mid-section as a function of span-to-chord ratio. 1 indicates the
upstroke phase while | the downstroke one.

sistently predict an earlier downward convection of the DSV LES solution. In contrast, the iSST model provides a compa-
compared to the experiments. In detail, the SBES model un-  rable prediction, exhibiting a phase lag of approximately 0.5
derpredicts the peak Cy, by approximately 0.2 compared to the  degrees. A similar pattern is observed in the Cp, with SBES
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underestimating the peak value by around 0.1 compared to the
LES. During the initial descent phase of the motion, o = 24°
to 18°, which is characterized by fully stalled flow, the models
begin to diverge. However, as the angle of incidence continues
to decrease, the results are closer. It is important to note that

cycle-to-cycle variations in the stalled regime are not consid-
ered due to the high computational cost associated with LES.
Despite a persistent offset in C; of approximately 0.2 com-
pared to the experimental data, the overall simulation trends
show good agreement with experimental observations.



Deep learning surrogate model

The predictive capability of the proposed surrogate model is
evaluated for unsteady flow fields over an airfoil undergo-
ing pitching motion. Model performance is assessed through
direct comparison with iSST RANS, with particular empha-
sis on the model’s ability to generalize to previously unseen
flow conditions and to maintain accuracy across a range of
operating regimes. The evaluation begins with a qualitative
analysis, wherein the spatial statistics, namely the mean and
standard deviation, of the predicted flow fields are compared
against those obtained from the reference simulations. This
is followed by a quantitative assessment in which these sta-
tistical measures are examined as functions of the FM time
steps. To further characterize the model’s performance, the
distributions of the predicted flow fields are analyzed. Specif-
ically, we visualize the temporal evolution of these distribu-
tions and compute the Wasserstein distance between predicted
and reference fields for six representative flow variables over
the FM time horizon. Moreover, the physical consistency
of the model is investigated by quantitatively comparing two
physical residuals as functions of FM time steps. Lastly, the
computational efficiency of the surrogate model is briefly dis-
cussed by reporting the inference time required to generate
flow field predictions.

Figure 8 provides a comparative analysis of the predicted fluid
fields against the reference data from high-fidelity CFD simu-
lations. The mean fields show strong agreement with the ref-
erence data, particularly at the extrema, where the predicted
values closely match the ground truth. For the standard devi-
ation, the predictions effectively capture the overall distribu-
tion of numerical fluctuations. However, minor discrepancies
appear in peak values, notably in the velocity gradient along
the x-direction and temperature. Despite these deviations, the
predictive model demonstrates strong reliability in represent-
ing the underlying flow characteristics.

A more detailed quantitative analysis is presented in Figure 9,
which shows the mean squared error (MSE) for both the mean
and standard deviation as a function of the number of integra-
tion steps used in flow matching. The results indicate a rapid
decrease in error from 1 to 10 time steps, after which it stabi-
lizes. The optimal number of neural network evaluations for
peak performance falls within the range of 10 to 20.

Further evaluation is presented in Figure 10, which depicts
the results using 20 FM time steps, and Figure 11, which il-
lustrates the Wasserstein distance as a function of the number
of neural network evaluations. The histograms show that the
reference and predicted data are nearly identical. However,
slight discrepancies are present, particularly in the tempera-
ture field, where minimum values slightly deviate from 230K.
The second figure quantitatively assesses model differences
based on optimal transport theory. With a single time step,
the error is approximately 1.5x higher, but from 2 time steps
onward, no significant variations are observed, demonstrating
the robustness of the proposed method.

Finally, we assess the physical residuals derived from the pre-
dicted data. Figure 12 presents residuals associated with the

ideal gas law and skin friction computation. A key observa-
tion is that the mean error is in the order of ~ 107> confirming
that the reduced order model is able to reproduce the underly-
ing physics.

Inference performance

Although direct one-to-one comparisons between CFD sim-
ulations and neural network predictions are inherently chal-
lenging, we report inference times for our proposed frame-
work on both CPU and GPU platforms to provide context for
performance. Specifically, the hardware used includes a 32-
core CPU and an NVIDIA A100 GPU. For CPU-based in-
ference, we limited usage to 8 cores, matching the resources
allocated per CFD simulation run. Under this configuration, a
full CFD simulation requires, on average, 76 minutes to com-
plete. Table 4 summarizes the complete runtime comparison.
In contrast, the surrogate model running on the GPU can gen-
erate predictions for 128 samples in approximately 0.1 sec-
onds, offering a significantly faster alternative for real-time
load estimation in aeroelastic analyses and digital twin appli-
cations.

CONCLUSIONS

* The study confirms that the span-to-chord ratio plays a
pivotal role in accurately describing dynamic stall. Sim-
ulations with limited spanwise extents display exagger-
ated two-dimensional flow features, leading to overes-
timated lift peaks and coherent vortical structures. In
contrast, larger spans introduce the necessary three-
dimensional effects that align more closely with exper-
imental observations, especially in the development and
breakdown of the DSV.

* WRLES provided deep insights into the dynamic stall
process, resolving complex transitional and turbulent
flow features across the airfoil surface. The simula-
tion data served as a high-fidelity reference for assessing
the performance of traditional turbulence models used in
RANS and hybrid RANS/LES approaches.

e A diffusion-based deep learning surrogate, built on
a modified DiT architecture, was trained using flow-
matching techniques. The model demonstrated excellent
capability to predict both statistical and instantaneous
fields across a wide range of operating conditions. It
generalized well beyond the training data and maintained
physical accuracy, as confirmed by residual analysis on
key conservation laws.

* The reduced-order model drastically reduced computa-
tional cost compared to RANS simulations. With in-
ference times under a second for batch predictions, the
model is well-suited for integration into real-time control
systems, aeroelastic simulations, and digital twin frame-
works for rotorcraft.
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Figure 8. Example of mean and standard deviation for reference and predicted spatio-temporal fields. The number of
flow matching steps is 20.

Table 4. Wall-clock time in seconds to generate n samples using 8 CPU cores and an NVIDIA A100. Batch size is set
equal to the number of samples. One simulation with the same cores takes on average 76 minutes (4.56 - 10° s).
FM Number of samples - GPU Number of samples - CPU
steps 32 64 128 32 64 128
1 3.23-103 3.38-10° 3.80-10° 2.27-10° 6.16-10° 1.20-10'
2 976-1073 1.50-107%2 2.53-107%2 4.48-10° 1.11-10' 2.40-10!
5  290-1072 4.95-1072 8.99-10°2 1.17-10' 2.96-10' 5.99-10!
10 6.15-1072 1.07-107' 1.98-107' 2.25-10!) 5.09-10' 1.19-10?
20 1.26-107' 223-107! 4.13-107! 4.68-10' 1.15-10> 2.40-10%
50 321-100' 570-107' 1.06-10° 1.12-10> 3.08-10> 5.99-10%
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