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Large-eddy simulation (LES) is the benchmark for resolving canonical urban canopy physics critical for pedestrian
comfort, pollutant dispersion modeling and Urban Air Mobility (UAM) operations. However, generating long-horizon
LES data requires prohibitively long simulation times, making it impractical for real-time or large-scale applications. To
overcome these limitations, we develop 3DSwinUrbanNet, a 3D Swin-Transformer-based model that directly predicts
the full primitive variables (u, v, w, p) using time steps orders of magnitude larger than those in the Computational Fluid
Dynamics (CFD) solver (Af = 1 min versus LES Ar = 0.05s). Three-dimensional (3D) building geometry embeddings
are integrated into the encoder, backbone, and decoder via average-pooling over patches and linear projection into
the latent space. Model accuracy is evaluated using time-averaged fields, wall-normal profiles, turbulence statistics
and scale-resolved diagnostics (PDFs and energy spectra). This approach yields a 1,984x speedup (2.58 s versus LES
5,120 s for 20 min forecasting) without precursor overhead, enabling real-time predictions on single Ray Tracing Texel

eXtreme (RTX) 4090 Graphic Processing Unit (GPU).

I. INTRODUCTION

Rapid urbanization has intensified the need for accurate and
fast predictions of wind flow within complex urban canopies,
where building-induced turbulence strongly influences pedes-
trian comfort, pollutant dispersion, and emerging Urban Air
Mobility (UAM) operations'. In dense city environments,
strongly sheared inflows, sharp geometric discontinuities, and
multi-scale turbulent structures interact to produce highly
three-dimensional (3D) and unsteady flow fields that are chal-
lenging to model and simulate reliably over practical time
horizons.

The problem of wind prediction is critical for aerial vehi-
cle navigation because environmental disturbances such as lo-
cally varying winds significantly affect the vehicle kinemat-
ics and, hence, has a huge impact on the effectiveness of
the applied guidance strategies. Predicting and accounting for
the prevailing wind field is particularly imperative and chal-
lenging for small-size Unmanned Aerial Vehicles (UAVs) and
UAM-type aerial platforms since, owing to their small size,
the wind has a large influence on their ability to maintain pre-
scribed paths or intercept targets>*. Control strategies that an-
ticipate the wind variations—such as fluctuations in direction
or intensity—can provide more robust and predictable trajecto-
ries, leading to higher precision in reaching target sets*® or

faster area coverage’.

In the past, level set methods have been used to solve the
Hamilton-Jacobi partial differential equations in order to com-
pute the navigation policies in time-varying flow fields>®.
However, these approaches are not sufficient to solve more
complex flows such as 3D turbulent structures and unsteady
flow fields encountered in urban landscapes. Large-eddy sim-
ulation (LES) serves as the high fidelity benchmark for re-
solving urban canopy flows and associated turbulent transport,

providing detailed reference data for fundamental studies and
engineering applications®. However, LES remains computa-
tionally prohibitive for routine design or real time forecast-
ing, particularly when precursor domains, long physical du-
rations, and multiple realizations over diverse building mor-
phologies are required. These constraints become even more
severe when coupling flow fields with UAM trajectory plan-
ning, which demands rapid evaluations of time evolving tur-
bulent environments around vehicles®. In such settings, fast
surrogate models are needed not only to accelerate individual
simulations but also to enable real-time ensemble statistics,
rapid scenario evaluation, and uncertainty-aware decision-
making.

To address these computational challenges, data-driven ap-
proaches have leveraged recurrent neural networks, particu-
larly Long Short-Term Memory (LSTM) networks'%-13, for
temporal urban flow prediction. While LSTMs enable tem-
poral predictions beyond instantaneous mapping, they remain
limited by sequential processing and vanishing gradients for
extended horizons. Transformer architectures offer superior
temporal modeling across diverse domains!'*!7, suggesting
potential advantages for extended predictions.

Similarly, reduced-order modeling (ROM) techniques, in-
cluding proper orthogonal decomposition (POD), decom-
pose flow into modal coefficients'®!>!3 or predict indi-
vidual velocity components rather than the full primitive
field (u,v,w,p). With advancing GPU capabilities, direct
full-field prediction becomes feasible, as demonstrated in
global weather forecasting!®-?°. This end-to-end approach pre-
serves coupled pressure-velocity dynamics absent in modal
representations!.

Various architectures including convolutional neural net-
works (CNN)%2, generative adversarial networks (GANs)?,
graph neural networks (GNNs)?4, and diffusion models®3 have
been explored for urban flow prediction, typically at short



lead times with CFD-level Az. Recent comparative studies?®%’

demonstrate transformers’ superior turbulence prediction ac-
curacy over CNNs and GNNs, motivating our application of
the Swin Transformer?®?°. While GANs and diffusion mod-
els excel in super-resolution, GANs suffer training instability
(mode collapse) and diffusion requires multi-step iterative in-
ference, both precluding reliable real-time forecasting—our
primary objective. This architecture excels in capturing multi-
scale spatial hierarchies through shifted-window attention and
hierarchical feature fusion, enabling robust long-horizon 3D
urban flow predictions without modal decomposition.

However, urban environments exhibit substantial variabil-
ity in building layout, height distribution, and orientation, sig-
nificantly affecting flow separation, recirculation, and vertical
momentum transport>’. While city-scale GNNs demonstrate
generalization across randomly generated 2D urban layouts>*,
3D deep learning models for detailed LES-equivalent pre-
dictions under randomized building heights and extreme ro-
tations remain underexplored. Such geometric robustness
proves essential for resolving canonical urban canopy physics
critical for pedestrian comfort and pollutant dispersion.

To overcome these limitations, we develop 3DSwinUrban-
Net, a 3D Swin-Transformer-based model that directly pre-
dicts the full primitive variables (u,v,w, p) using time steps
orders of magnitude larger than those in the CFD solver (Af =
1 min vs. LES Ar = 0.055s). Trained on LES data from urban
canopy flows with randomly varied building heights and both
aligned and strongly rotated configurations, the model pro-
motes geometric robustness. Long-horizon rollout predictions
up to 20 minutes assess mean-flow fidelity and turbulence
statistics under coarse temporal resolution using the available
test dataset.

The objectives of this work are threefold. First, 3DSwin-
UrbanNet’s capability to reproduce canonical urban canopy
features such as leading-edge updrafts, downwash transitions,
and inter-building recirculation over extended horizons is
quantified through time-averaged fields, wall-normal profiles,
turbulence statistics and scale-resolved diagnostics!®-31-32,
Second, the effects of randomized building-height distribu-
tions and a 45° rotation of a fixed 4 x 5 array on prediction
accuracy are examined to assess geometric robustness within
a canonical urban canopy. Third, computational efficiency rel-
ative to LES highlights the framework’s potential as a fast sur-
rogate for real-time urban flow forecasting, enabling practi-
cal capabilities such as rapid ensemble generation, scenario-
based analyses for UAM operations, and uncertainty-aware
assessment of near-canopy wind conditions.

Il. METHODS
A. Overview

Fig. 1 provides an overview of the proposed framework.
3DSwinUrbanNet takes two consecutive 1-minute snapshots
of the 3D velocity and pressure fields (u,v, w, p), together with
the 3D building geometry, as input and predicts the flow field
at the next time step. The model was trained on LES data from

two building array configurations: Case A (buildings aligned
perpendicular to streamwise direction) and Case B (45° ro-
tation). Predictions were recursively rolled-out up to 20 min
ahead. Model performance is evaluated through instantaneous
fields, time-averaged flows, and turbulence statistics.

B. 3DSwinUrbanNet

3DSwinUrbanNet is constructed by modifying the global
machine learning weather prediction model Aurora'. The ar-
chitecture consists of an encoder-decoder structure and a 3D
Swin Transformer U-Net backbone that maps the encoded
representation to the flow field at the next time step®”. Un-
like standard Vision Transformers33, the Swin Transformer
employs shifted-window self-attention®® that preserves cross-
window connectivity critical for capturing coherent inter-
building turbulence structures across morphological discon-
tinuities.

Both the encoder and decoder are implemented using a 3D
Perceiver’*33. The 3D Perceiver is one of the methods that,
similar to fourier neural operators, can be trained indepen-
dently of the resolution of the input grid*®. A randomly ini-
tialized latent array is first defined as the query, while the in-
put data are treated as the keys and values. By computing the
cross-attention between the query and the key-value pairs, the
model learns a latent representation that is consistent with the
input data.

The 3D Perceiver encoder in 3DSwinUrbanNet learns two
latent arrays. One latent array encodes the information of the
2D building-height mesh, and the other encodes the 3D build-
ing geometry together with the flow variables u, v, w, p. Posi-
tional, scale, height, and lead-time information are embedded
using a Fourier feature expansion, while the 3D building ge-
ometry is average-pooled over patches and linearly projected
into the latent space.

In Aurora, the lead time is used as a conditioning vari-
able in the backbone!#. In contrast, in 3DSwinUrbanNet the
2D building height mesh is used as the conditioning field
in the 3D Swin Transformer U-Net backbone. The 3D Per-
ceiver decoder takes the embedded 3D building geometry and
transforms the hidden vectors back into the physical variables
u,v,w,p.

The primary difference between 3DSwinUrbanNet and Au-
rora lies in the utilization of building information. During the
design of 3DSwinUrbanNet, injecting the full 3D building ge-
ometry alongside the flow variables u, v, w, p, and additionally
embedding the building information into the encoder, back-
bone, and decoder, yielded the highest prediction accuracy.
This configuration is therefore adopted as the definition of
3DSwinUrbanNet.

3DSwinUrbanNet is designed as a rollout prediction
model, which is a commonly used strategy for sequential
prediction'*37. The model prediction can be written as

F (X (t—h),X(1),C) =X (t+h) (1)

where X (¢ — h) and X (¢) denote the 3D fields at times 7 — h
and ¢, respectively, and C is a set of time-invariant context
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FIG. 1. Overview of 3DSwinUrbanNet

variables including the building information, position, scale,
height, and lead time. The X denotes the predicted field and
h = At is the temporal resolution of the data.

The rollout prediction is then performed recursively as

(X(
(X(

—h),X(t),C) =X(t+h),

F(X(t
F(X(1),X(t+h),C) =X(t+2h),

F(X(t+(i—2)h),X(t+(i—1)h),C) :X(t;rih)7

F (Rl + (=2, X(t+ (1= DA),C) = K(t+nh). @

A well-known drawback of rollout prediction is that errors
accumulate over time37%. When applied to real observational
datasets that contain measurement noise and representative-
ness errors, this accumulation can lead to unacceptable fore-
cast degradation, making pure rollout approaches impractical
in those settings’®3°. However, in LES or data-assimilation
datasets, where observation errors are absent or significantly
reduced, rollout prediction remains feasible, and this strategy
is adopted in the present study.

Additionally, a residual add method, which has shown good
performance in previous machine-learning-based flow field
prediction studies®’°*!, was also tested. In this configura-
tion, we added the input field X (¢) to the 3DSwinUrbanNet
output, effectively training the model to predict the difference.
This approach reduced the root mean square error (RMSE; de-
fined in Section IV A) by approximately 50% compared to the
non residual add methods. However, despite the lower RMSE,
rollout predictions up to 20 min exhibited noticeable oscilla-
tions and instability in both instantaneous fields and mean pro-
files. Consequently, the residual add method was not adopted
in the final model configuration.

C. Buildings generation

Urban flow studies have employed varied building geome-
tries to investigate specific physical phenomena. Realistic city
center morphologies have been modeled!324, alongside ideal-
ized arrays of simple building blocks!0-2242-44,

Fig. 2 shows the building layouts used in this study, ar-
ranged in a 4 x 5 array. Height variations between adjacent

buildings induce diverse flow phenomena, including cavity-
like flows®®. To assess 3DSwinUrbanNet’s ability to predict
such flows, individual building heights were randomly sam-
pled between H/3 and H following Xie et al.**, where H =
160 m is the reference height.

Given 3DSwinUrbanNet’s windowed processing of spatial
domains, buildings aligned perpendicular to the main flow di-
rection (Case A) and rotated by 45° (Case B) represent ex-
treme geometric variations*>*®. LES simulations of these con-
figurations provided the training data to evaluate the model’s
sensitivity to building orientation.

In this study, the building layout is restricted to a fixed 4 x 5
array with uniform plan area density A, and inter-building
spacing. Geometric variability is introduced solely through
randomized building heights in [H /3, H] and two orientations
(aligned and 45° rotation), so that the global canopy densities
remain approximately constant while local flow structures are
significantly altered. The aligned and 45°-rotated configura-
tions represent two extreme orientations of the same array rel-
ative to the mean flow direction, leading to strongly different
wake interactions while remaining within a single canonical
canopy family.

As a result, the present dataset samples a single aerody-
namic roughness regime with limited variations in A, and
streamwise frontal area index 7Lf, and does not encompass
the full diversity of urban morphologies (e.g., different array
topologies, plan densities, or staggered layouts). The corre-
sponding plan area densities, frontal area indices, and rough-
ness parameters derived from the test dataset are reported in
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FIG. 2. Randomly generated building heights and building shapes
used for learning



Section III D.

I1l. DATASETS AND TRAINING
A. Numerical simulation
1. Governing equations and LES methodology

The training and evaluation datasets are generated from nu-
merical simulations of a neutral atmospheric boundary layer
(ABL) using LES. In the LES framework, the large-scale tur-
bulent motions are explicitly resolved, while the effects of un-
resolved subgrid-scale (SGS) motions are modeled.

The filtered incompressible Navier-Stokes equations gov-
erning the resolved flow field are written as

on; _

o =0 3
8ﬂ,’ 0 _oN 1 8[3 817,-j
W-Faixj(uzuj)——ﬁafxi— axj +F 4)

where ii; = (i1, 7, W) denotes the spatially filtered velocity com-
ponents in streamwise, wall-normal, and spanwise directions,
with x; = (x,,z). The tilde (7) indicates spatial filtering at the
grid scale A. The fluid density p is assumed to be constant.
The SGS stress tensor is defined as o;; = II,T!; — @i j, and its
anisotropic component is given by 7;; = o;; — %O'kk& j. The
modified filtered pressure is defined as p = p+ % p Ok, Where
p is the filtered pressure. The external force is decomposed as

E’ = Fpress,i + FIBM,ia (5)

where Fpress,; denotes the pressure gradient forcing and Figwm i
represents the immersed boundary force accounting for the
effects of solid building array*’.

SGS stresses are modeled using the Lagrangian Averaged
Scale-Dependent (LASD) dynamic model*® and expressed as

TI-LASD = —2V¢§,’j, (6)

where S; ;= %(3 jii; + djii ;) is the filtered strain-rate tensor and
V; is the eddy viscosity dynamically determined by the LASD
formulation. Near-wall effects are treated using a logarithmic
wall stress model with improved near-wall correction 34,

2. Computation domain and numerical setup

The numerical simulations are conducted using a two-
domain configuration consisting of a precursor domain and
a main domain, as illustrated in Fig. 3, with the instantaneous
streamwise velocity magnitude at y/H = 0.016 shown on the
bottom plane.

The computational domain is discretized using a uni-
form Cartesian grid with grid points (nxo,nxhny,nz) =

4

(210,576,140,175), corresponding to lengths of physical do-
main (Lyo,Lyi,Ly,L;) = (2.1,5.76,0.7,1.4) km, where the x0
and x1 denote the streamwise directions of the precursor and
main domains, respectively. This configuration results in grid
spacings of Ax = 10 m, Ay =5 m, and Az =8 m. The pre-
cursor domain contains approximately 5.2 million grid cells,
while the main domain contains about 14.1 million cells, for
a total of roughly 19.3 million cells.

Periodic boundary conditions (BCs) are applied in the lat-
eral direction, a stress-free condition is imposed at the top
boundary, and a wall-stress boundary condition is applied at
the bottom surface for both the precursor and main domains.
In the precursor domain, a shifted periodic boundary condi-
tion is applied in the streamwise direction. The resulting flow
fields are prescribed at the inlet of the main domain. A mass-
conserving outflow condition is imposed at the outlet of the
main domain. The simulations are performed using a fixed
time step of Ar = 0.05 s, corresponding to a maximum CFL
number of 0.169.

3. In-house LES code validation

The numerical configuration largely follows that of a previ-
ous study®’, employing the same computational domain, grid
configuration, and validation case. The in-house LES code
is validated against the same wind-tunnel experimental data
for flow around a cubical building’!. Figure 4 presents com-
parisons of the vertical profiles of the time-averaged stream-
wise velocity and root-mean-square (RMS) velocity fluctu-
ations between the LES results and experimental measure-
ments at representative locations. The profiles are extracted
at three streamwise locations relative to the cubical building,
with the building leading edge defined as x/H = 0.0, namely
at x/H = —1.0, x/H = 1.5, and x/H = 2.5, corresponding
to the upstream, near-wake, and downstream regions, respec-
tively. The validation focuses on the mean streamwise veloc-
ity figure 4(a) and the RMS velocity fluctuations in the wall-
normal figure 4(b) and spanwise figure 4(c) directions. Over-
all, the LES results are in good agreement with the experimen-
tal measurements across all considered locations. Based on
this validation, the present LES simulations are performed for
each case to generate a physically consistent dataset used for
training and evaluating the proposed machine-learning model.

B. Preprocessing

Preprocessing strategies for LES data depend on both
the chosen backbone architecture and the data representa-
tion, and must therefore be tailored to each specific model
configuration?. In our case, direct training on raw LES data
was constrained by GPU memory limitations. Therefore, pre-
processing was performed as follows. The target domain was
defined from x/H = 0.0 to 3.0 downstream of the last build-
ing column to focus on near-building flows, while retaining
the upstream buffer region essential for sequential predictions.
Within this domain, LES data were filtered using a Gaussian



FIG. 3. Computational domains with instantaneous streamwise velocity magnitude at y/H = 0.016 shown on the bottom plane.
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FIG. 4. Profiles of (a) the mean streamwise velocity, (b) wall-normal
and (c) spanwise RMS fluctuations at x/H = —1.0, 1.5, and 2.5.

filter (¢ = 1.0) and downsampled via 2 x 2 x 2 block averag-
ing.

Since 3DSwinUrbanNet employs transformer based pro-
cessing with a patch size of 4, the domain was cropped such
that Ny, Ny, and N, are multiples of 4. Patch sizes of 1, 2, 4,
and 8 were evaluated; sizes of 1 and 2 required excessive re-
ductions in embedding dimensions and batch size, while size
8 yielded overly coarse resolution. Patch size 4 provided opti-
mal predictive performance and was adopted.

C. Data division

Fig. 5 summarizes the division of the training, validation,
and test sets. Data sampling from the LES simulation com-
menced at around 0.5 h, when the flow reached statistical con-
vergence, with a temporal resolution of 4 s. A total of 600
samples were designated as the test set. To ensure decorrela-
tion from the test data, 550 samples corresponding to approx-
imately three flow-through times (FTT) were excluded®”. The
FTT is defined as L,/Uy, where L, is the domain length in
the streamwise direction and Uy is the streamwise velocity at
height H.

The remaining 7,668 samples were randomly shuffled and
divided into training and validation sets, comprising 80% and
20% of the data, respectively. Additional training with 4,670
more samples was performed but showed negligible improve-
ment; therefore, training was finalized using 7,668 samples.
This procedure was applied identically for both Case A and
Case B, so that the entire dataset is constructed from two
LES realizations (an aligned and a 45°-rotated 4 x 5 canopy
with randomized building heights) and thus represents a single
canonical aerodynamic regime rather than a broad ensemble
of distinct urban morphologies.
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FIG. 5. Division of train, validation, and test sets. The ¢ indicates the physical time elapsed since the simulation starts.

TABLE I. Urban canopy parameters computed from the test dataset.
Case Ay, Ay d/H z9/H up[m s 1 ufug
A 0211 0.041 030 5.7x 1073 391 0.09
B 0.208 0.056 0.40 4.8 x 1073 3.84 0.09

D. Aerodynamic canopy parameters

To characterize the aerodynamic regime of the present ur-
ban canopy, we report standard morphometric and roughness
parameters computed from the test dataset. A, and Ay are eval-
uated over a target domain that spans the 4 x 5 building ar-
ray and is extended by half a building spacing upstream and
downstream in the streamwise direction.

Within the same domain, planar- and time-averaged mean
velocity profiles U(z) are computed from the test dataset and
used to estimate the characteristic velocity uy at z=H, as well
as the roughness parameters friction velocity u., displacement
height d, and roughness length z( via log-law fitting,

U(z) = ZIn (Zd> , @)

K 20

where k is the von Kdrmdn constant.

The resulting parameters are summarized in Table I. For
Case A, we obtain A, = 0.211 and A; = 0.041, with uy =
391 ms™!, d/H ~0.30, z0/H ~ 5.7 x 1073, and u, /uy ~
0.09. For Case B, 4, = 0.208 and A; = 0.056, with uy =
384 ms~ !, d/H ~0.40, z0/H ~ 4.8 x 1073, and u,/uy ~
0.09. All parameters are consistently derived from the test
dataset to match the configuration used for model evaluation.

E. Temporal correlation function

The temporal correlation function (p) is an important met-
ric when designing models and interpreting results in turbu-
lence prediction using deep learning®®3%3 It is defined as

p(z) = L 7 8)

where the overline (-) denotes the time average. p was com-
puted over the test dataset, with results shown in Fig. 6. No-
tably, p decreases to approximately 0.45 when 7 = 1 min, jus-
tifying the 1 min temporal resolution adopted in this study.

1.0
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0.8 4 ‘ —— Case B
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0.0
0 2 4 6 8 10

FIG. 6. Temporal correlation function (p(7))

F. Model training

Model training was performed in a multi-node setting using
two compute nodes, each equipped with four NVIDIA RTX
4090 GPUs. The network was trained for 100 epochs with a
batch size of 2 using the Adam optimizer. The learning rate
was set to 5 x 107> with B-parameters (B, 82) = (0.9,0.999).
The mean squared error (MSE; defined in Section IV A) was
employed as the loss function.

Training solely on Case A data produced reasonable single-
step RMSE for Case B predictions with correct building mor-
phology. However, multi-step rollouts progressively projected
Case A geometry onto Case B predictions, a phenomenon
exacerbated without building embeddings. This behaviour is
treated as an ablation result that highlights the necessity of
explicit 3D building-geometry conditioning and joint training
on both Case A and Case B to obtain stable long-horizon pr-
dictions across different orientations of the same canopy. Con-
sequently, joint training on both Case A and Case B data was
adopted to ensure robust generalization across rotated mor-
phologies.

IV. RESULTS AND EVALUATIONS

This section presents the results and analyses of the present
study. First, the evaluation metrics employed for analysis are
described. Next, we evaluate temporal prediction accuracy,
which is critical for long-term time-evolving predictions. Prior
to turbulence characteristic analysis, instantaneous fields are
visualized, followed by comparisons of time-averaged fields.



Subsequently, turbulence characteristics are analyzed, and
computational times are compared with those of LES.

A. Evaluation metrics

In this study, we employ MSE and RMSE to quantify point-
wise prediction errors:

1Y .

MSE(XJ'):N (X;—X))? )
=1
Ly %
Y (X — X2, (10)
N/:ZI J J

where X represents filtered LES ground truth and X denotes
model predictions. RMSE values are reported in physical units
for direct comparison with LES.

B. Temporal prediction

Temporal prediction in urban flow has traditionally re-
lied on LSTM!%-13_ Recent advances in transformers, demon-
strated by their successful rollout predictions in operational
global weather forecasting'*37, motivate their application to
noise-free filtered LES data. To determine the optimal time
step for 20-min predictions, we first evaluated performance
across different temporal resolutions. LES requires 24,000 it-
erations at At = 0.05 s to reach 20 min, underscoring the com-
putational challenge. As shown in Fig. 6, p were 0.97, 0.85,
and 0.45 for T =4 s, 12 s, and 1 min, respectively. Higher p
facilitates single-step prediction, but rollout performance over
extended horizons requires evaluation.

0.10
0.08 A
0.06 e Prediction(4s interval)
§ Prediction(12s interval)
0.04 - e Prediction(1-min interval)
0.02 7 e 0600000000000 0 0
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FIG. 7. Time series prediction Mean Square Error (MSE) rollout: 4-
second, 12-seconds and 1-minute Intervals up to 20 Minutes

Fig. 7 shows MSE results for training with h =4 s, 12 s, and
1 min per Eq. (1), rolled out to 20 min using a Swin Trans-
former backbone conditioned on lead time 4. MSE is com-
puted between predicted fields X (z +ih) and test set reference
X (t +ih), where X comprises u,v,w, p.

For single-step predictions (i = 1), smaller & yields lower
MSE due to higher temporal correlation p, demonstrating
effective lead-time conditioning. As rollout steps i increase,
MSE grows progressively for all &, characteristic of error ac-
cumulation. The A-dependent single-step performance moti-
vated adoption of 7 = 1 min, after which the architecture was
modified to use 3D building geometry as conditioning instead
of lead time for final urban flow predictions.

Complex turbulence phenomena occur near buildings; thus,
normalized RMSE was computed within the region spanning
2H upstream of the leading building edge, 2H downstream
in the streamwise direction, and up to height 2H. Tempo-
ral RMSE profiles for u, v, w, vorticity components @, @y, @,
Reynolds shear stress (—u/v'), turbulent intensity (TI), and
turbulent kinetic energy (TKE) are presented for Case A and
Case B in Fig. 8.
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FIG. 8. Normalized RMSE results of temporal predictions for (a)
Case A and (b) Case B.

To evaluate second-moment quantities, we first define the
temporal averaging operator as

1
N

M=

V= V(t+ih), i=1,2,...,20, (11)

t

where the average spans N = 271 test-set time instants and
V € {u,v,w}, enabling robust evaluation despite rollout error
accumulation. Here, the overbar denotes a temporal mean at a
given lead time index i.

Fluctuations are then defined as

V' =V-V (12)



and TI and TKE are given by

W2 V24 w2 1
TI=4/— "~ % 13
ﬁU (13)

1 — —
TKE = 5 (w242 4+w2) (14)

where U denotes the local velocity magnitude computed from
instantaneous u,v,w components. Normalization for RMSE
was performed using the characteristic length scale H and the
spatially averaged streamwise velocity uy at height H from
the LES data.

TI exhibits nearly constant RMSE over time, whereas other
parameters show increasing RMSE with lead time, eventu-
ally saturating. Notably, while vorticity RMSE exhibits con-
sistently higher absolute values than velocity components, its
temporal degradation rate remains comparable to TKE and
slower than velocity RMSE up to 20-min lead times. This
indicates that small-scale rotational structures are preserved
better than bulk velocity fields despite rollout error accumula-
tion.

FIG. 9. Vorticity of filtered LES data and predicted data at 1-min lead
time, and their difference for panels (a), (b), and (c).

Urban flow studies have established the formation of
horseshoe vortices at building bases and tip vortices above
buildings3!*2. To validate 3DSwinUrbanNet’s ability to cap-
ture these coherent structures, vorticity fields at 1-min lead

time are compared in Fig. 9: (a) filtered LES data, (b) 3DSwin-
UrbanNet predictions, and (c) their absolute difference. The
results confirm faithful reproduction of both vortex structures,
consistent with the sustained vorticity RMSE performance ob-
served in Fig. 8.

C. Instant field

Prior to turbulence statistical analysis, instantaneous field
comparisons validate 3DSwinUrbanNet’s capacity to capture
coherent 3D turbulence structures.

Single step Q-isosurfaces in Fig. 10 reveal the model’s abil-
ity to capture turbulent structures immediately downstream of
building wakes, achieving qualitative agreement with filtered
LES for both Case A (buildings aligned normal to streamwise
direction) and Case B (45° rotation).

In both cases, fine-scale structures are under-resolved due
to the model’s coarse temporal resolution (2 = 1 min), yet the
model faithfully captures building geometry and height varia-
tions through learned embeddings. In particular, the progres-
sive development of smaller-scale structures further down-
stream from building wakes, particularly from the second col-
umn to the fifth (rear) column in the 4 x5 building array, char-
acteristic of urban canopy turbulence evolution™, is accu-
rately reproduced, demonstrating geometry-aware prediction
that validates building embedding efficacy and establishes fi-
delity for quantitative turbulence statistics.

D. Time-averaged field

Streamline patterns and vertical momentum transport vary
with inter-building spacing and height variations!®3,

Both filtered LES reference fields and 3DSwinUrbanNet
predictions were processed identically using Eq. (11). While
LES datasets typically require larger ensembles for higher-
order statistics, the time-averaged field analysis focuses on
first moment (mean velocity) fidelity of 3DSwinUrbanNet
relative to filtered LES. This consistent temporal averaging
across both datasets ensures fair model evaluation without
data deficiency concerns for the targeted statistical compar-
isons.

Streamlines from side (Fig. 11) and top (Fig. 12) views
demonstrate 3DSwinUrbanNet’s mean flow fidelity.

In Fig. 11, comparison of filtered LES (a) and 1-min pre-
diction (b) shows excellent agreement in: (i) upstream flow
impingement ahead of the first column, (ii) cavity-like recir-
culation between buildings, and (iii) vertical flows induced by
height differences between the fourth and fifth columns. Sim-
ilarly, 20-min prediction (d) versus filtered LES (c) maintains
these key features even at long lead times, confirming model
robustness across vertical positions (z/H = 1.0,3.2,5.3,7.5).

Fig. 12 further validates geometry-aware prediction at
y/H = 0.19. At 1-min horizons, inter-building flows are faith-
fully reproduced for both Case A and Case B. At 20-min pre-
dictions, characteristic degradation manifests as main stream-
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wise flows being deflected by persistent inter-building sec-
ondary flows, consistent with expected error accumulation.

Wall-normal velocity profiles (Fig. 13) at y/H =
0.1875,0.375,0.625 capture canonical urban canopy flow
physics: strong updrafts form along building faces at the lead-
ing edge, transitioning to downward flow for y/H < 0.25'°,
with substantial persistence above height H.

Inter-building vertical transport is generally well-predicted,
validating 3DSwinUrbanNet’s accuracy for inlet region flows
—defined as the leading-edge impingement zone where on-
coming flow first encounters the building array— and essen-
tial vertical momentum transport critical for urban ventilation
and pollutant dispersion modeling. However, at y/H = 0.625,
predictions exhibit moderately higher vertical velocities com-
pared to filtered LES for both Case A and Case B, indicative of
slight overprediction in inter-building momentum exchange.

E. Turbulence statistics

Reynolds shear stress (—u/v'), TI, and TKE provide strin-
gent benchmarks for evaluating higher-order turbulence pre-
diction fidelity. These second-moment statistics are particu-
larly sensitive to small-scale dissipation and energy transfer
processes, making them critical for validating machine learn-
ing models in complex urban flows.

Filtered LES reference statistics were computed over the
full test set (N = 600 time instants, ~40 min coverage), ensur-
ing well-converged turbulence quantities representative of sta-
tistically stationary urban canopy flows. In contrast, 3DSwin-
UrbanNet second-moment statistics were evaluated at dis-
crete lead times i = 1,2,...,20 min using Eq. (11) with avail-
able rollout predictions. This approach enables direct quan-
tification of rollout-induced error accumulation specifically in

higher-order turbulence moments, distinguishing model per-
formance from first-moment mean flow fidelity.

Fig. 14 and 15 juxtapose mean velocity profiles and
Reynolds shear stress at z/H = 1.0,3.2,5.3,7.5 for Case A
and Case B, with unfiltered LES as solid black reference
lines. Mean profiles maintain excellent agreement across all
lead times, demonstrating robust primary momentum trans-
port prediction. Reynolds shear stress (30-fold vertical mag-
nification) reveals subtler limitations: short term predictions
align well with LES, but 20-minute rollouts exhibit pro-
nounced degradation through turbulent stress underprediction,
characteristic of second moment error accumulation.

TI profiles through building row centers (Figs. 16, 17) con-
firm the expected turbulence hierarchy at 1-min lead time,
where peak TI regions in high shear zones between buildings
match filtered LES profiles closely.

At 20-min predictions, systematic underprediction of TI
magnitudes across both cases signals artificial numerical dis-
sipation of turbulent fluctuations, characteristic of long hori-
zon deep learning rollouts. This degradation aligns with ex-
pected energy cascade blockage in under resolved predictions,
where small scale fluctuations fail to sustain against viscous
like damping.

Notably, Case B (45° rotation, Figs.17) exhibits anomalous
TI amplification in weakly turbulent wake recovery regions
(columns 2-4), contrasting with Case A decay. This geom-
etry specific instability suggests enhanced vortex shedding
from oblique building edges, with elevated local Reynolds
shear stress beyond filtered LES reference—highlighting both
model limitations and sensitivity to urban morphology varia-
tions.

TKE distributions (Figs. 18, 19) mirror this degradation pat-
tern, with excellent short lead time accuracy giving way to
progressive dissipation at 20-min horizons.
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show the TI of the target data, 1-min prediction and 20-min prediction results, respectively.

In Case A (Fig. 18), TKE magnitudes consistently decay
from 1-min to 20-min predictions across all building rows, re-
flecting systematic underprediction of turbulence production.
Case B (Fig. 19) exhibits more complex behavior: while over-
all TKE reduction occurs, localized amplification persists be-
tween columns 4-5 at 20-min horizons, regions of enhanced
inter-building shear, contrasting with the monotonic decay in
Case A and highlighting geometry-specific rollout dynamics.

These results underscore 3DSwinUrbanNet’s mean flow fi-
delity contrasted against the inherent challenge of sustaining
turbulence—particularly shear-related turbulence in oblique

configurations—during extended rollouts.

While the model is trained and evaluated on filtered LES
data with randomized building-height distributions and both
aligned and 45°-rotated configurations, the underlying 4 x 5
array maintains similar A, and A;. As quantified in Sec-
tion III D, both cases correspond to relatively open, moder-
ately dense canopies with comparable A, and only moderate
variations in A¢. Consequently, the present results demonstrate
geometric robustness within a single canonical canopy family,
rather than generalization across a broad range of distinct ur-
ban morphologies.
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F. Scale-resolved diagnostics

To examine the detailed fluctuation distributions and spec-
tral characteristics underlying the integrated turbulence quan-
tities (TI, TKE), we analyze probability density functions
(PDFs) and energy spectra.

Due to randomized building heights, PDFs and spectra are
computed at y/H = 1.0 over the same streamwise target do-
main used for the canopy parameters (i.e., the region spanning
the 4 x 5 building array, extended by half a building spacing
upstream and downstream [Sec. III D]), aggregating samples
over all snapshots in the test dataset.

Fig. 20 shows PDFs of the normalized streamwise velocity
fluctuations ' /uy at y/H = 1.0 over the canopy target do-
main for Case A (Fig. 20 (a)) and Case B (Fig. 20 (b)). The
1-min predictions closely match the filtered LES PDFs in both
variance and shape, whereas the 20-min predictions display a
broadened distribution and modified tails, indicating altered
fluctuation amplitudes and intermittency at long lead times.
These deviations are consistent with the trends observed in TI
and TKE and further illustrate the impact of recursive rollout
on higher-order statistics.

To further assess small-scale turbulence, we compute 1D
energy spectra E,,(k;) as spatial averages over this same
canopy target domain at each snapshot, followed by tempo-
ral averaging.

Fig. 21 shows the spectra Ey,(k;)/u% at y = H in this
canopy region for Case A (a) and Case B (b), plotted versus
the spanwise wavenumber k. H. For short lead times (1 min),
the predicted spectra closely follow the filtered LES refer-
ence over low to intermediate wavenumbers up to k,H ~ 4
in both cases. At 20 min lead time, the predicted spectra (or-
ange) show slightly reduced energy levels compared to 1 min
predictions across most wavenumbers, with pronounced os-
cillations predominantly at low-to-intermediate wavenumbers
indicating increased sampling noise from rollout error accu-
mulation. Conversely, at higher wavenumbers (k,H > 4), the
spectra exhibit diminished energy content with reduced oscil-
latory amplitude, signaling degradation in high-frequency tur-
bulence fidelity due to artificial dissipation. These trends are
consistent with the systematic underprediction of TI and TKE
at extended lead times discussed in Section IV E.

G. Computational efficiency

Table II compares the computational time required for LES
simulations and 3DSwinUrbanNet predictions on the same
grid resolution (N, X Ny x N; = 152 x 68 x 88). LES simula-
tions were performed on a single AMD node with 64 CPU
cores. 3DSwinUrbanNet training utilized two nodes, each
equipped with four NVIDIA GeForce RTX 4090 GPUs, while
inference time was measured on a single RTX 4090 GPU
within an Intel(R) Xeon(R) w5-3435X 16-core server.

LES requires At = 0.05 s with 1,200 iterations to simulate 1
minute of physical time, and 24,000 iterations for 20 minutes.
The two domain method additionally requires a precursor do-
main with N, = 110, N, = 68, N, = 88 grid points. In con-
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fluctuation at y/H = 1 for Case A (a) and Case B (b).

trast, 3DSwinUrbanNet operates at A = 1 min, requiring only
0.9 s for a 1-minute prediction, 284 times faster than LES. 20-
minute predictions take 2.58 s on a single RTX 4090 within
an Intel(R) Xeon(R) w5-3435X 16-core server, achieving a
1,984-fold speedup over LES on a single AMD Ryzen thread-
ripper 3990x 64-core node despite 4 x fewer CPU cores. Even
assuming maximum CPU advantage for LES, hardware con-
tributes < 0.2% (4/1984) to total speedup, with algorithmic
efficiency dominating.

This millisecond-level inference time on a single GPU
makes it feasible to generate large ensembles of 10-20 min
urban wind forecasts for different initial conditions, inflow
realizations, or randomized height configurations within the
present canonical canopy family at essentially negligible addi-
tional cost. In practice, this enables real-time ensemble statis-
tics and rapid scenario-based analyses that are prohibitively
expensive with LES, particularly when the flow predictions
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TABLE II. Comparison of computational time between LES and
3DSwinUrbanNet

simulation length hardware
Method 1-min 20-min specification
LES 256 s 5120 s AMD Inode (64cores)
3DSwinUrbanNet 0.9 s 2.58s 1 GPU (NVIDIA 4090)

are repeatedly queried as inputs to UAM trajectory planning
and guidance algorithms.

V. CONCLUSIONS

3DSwinUrbanNet advances urban turbulence prediction
through an end-to-end Swin Transformer architecture with
geometry-aware building embeddings. Unlike standard trans-
formers where window partitioning discards immediate
neighboring information, the shifted-window mechanism?®
preserves cross-window connectivity essential for captur-
ing complex inter-building dynamics across randomly varied
heights and extreme 45° rotations (Case B). This enables di-
rect primitive field (u,v,w, p) forecasting without decomposi-
tion, achieving 20-min urban canopy predictions using coarse
At = 1 min time steps (equivalent to 1200 x LES Ar = 0.05 s)
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on LES-equivalent grids (152 x 68 x 88).

The model’s exceptional mean flow fidelity—validated
through time-averaged streamlines, wall-normal velocity pro-
files, and vertical momentum transport—reproduces canoni-
cal urban canopy physics: leading-edge updrafts, downwash
transitions (y/H < 0.25)>*, cavity recirculations, and height-
induced vertical flows persisting above H. This robustness
stems from building geometry embeddings that encode mor-
phological variations (randomized heights and a 45° rota-
tion of a fixed 4 x 5 array) directly within the Swin Trans-
former backbone, enabling geometry-aware turbulence pre-
diction within a single canonical canopy configuration with-
out explicit mesh morphing or preprocessing.

Turbulence statistics reveal second-moment underpredic-
tion (TI, Reynolds shear stress, TKE) at extended rollouts,
while scale-resolved diagnostics (PDFs, spectra) confirm de-
graded fluctuation intermittency (broadened tails) and high-
frequency fidelity (reduced k,H > 4 energy with low-k; os-
cillations), reflecting deep learning’s challenge in sustain-
ing small-scale production during iterative rollouts. Snapshot
comparisons demonstrate clearest deficits in Reynolds shear
stress (30x magnification) and geometry-specific TI/TKE dis-
sipation in rotated configurations, while temporal RMSE con-
firms minimal errors at 1-min lead time, followed by mono-
tonic increase that saturates around S5-min horizons. This
hierarchy reflects deep learning’s inherent strength in first-
moment pattern recognition versus the challenge of sustaining
small-scale production mechanisms during iterative rollouts.

Computational efficiency provides 1,984x speedup (2.58 s
vs. LES 5,120 s for 20 min) on single RTX 4090 GPUs with-
out precursor spin-up, enabling real-time operational forecast-
ing. Unlike traditional CFD requiring supercomputing clus-
ters, 3DSwinUrbanNet democratizes high-fidelity urban flow
prediction for real-time applications. In particular, the combi-
nation of LES-level mean-flow fidelity and millisecond-level
inference makes it practical to compute real-time ensemble
statistics and rapidly evaluate multiple wind scenarios for
UAM operations and other urban-flow-sensitive applications.

These results are obtained for a neutral, canonical urban
canopy with fixed plan area density and inter-building spac-
ing, and randomized building heights and orientation. Gen-
eralization is therefore expected primarily for canopies that
share a similar 4,, Ay, spacing, and array topology to the
present 4 x 5 configuration, whereas application to markedly
different morphologies should be regarded as extrapolative in
the current form. Extension to more diverse urban morpholo-
gies with varying A, Ay, spacing, and array topologies is left
for future work, and will likely require additional LES data
and/or transfer-learning strategies across different canopy pa-
rameter regimes.

Future work will integrate physics-informed loss terms tar-
geting second moment fidelity and multiscale turbulence clo-
sure (e.g., spectral constraints) for sustained rollout accuracy.
The predicted turbulent flow fields will be utilized as relevant
input environments for UAM trajectory planning and guid-
ance algorithms, supporting more robust and predictable tra-
jectories and improved precision under wind variations in-
cluding fluctuation in direction and intensity. In particular,



rapid wind flow generation will allow the efficient on-line
computation of higher-order statistics of the flow, that can be
utilized in recent distributional control techniques that are able
to directly handle the dispersion of the trajectories for small-
size aerial vehicles>>-°.
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