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Abstract

High-fidelity helicopter flight simulators are essential for
preparing pilots for complex and hazardous environments, yet
realistic urban wind dynamics are difficult to reproduce in
real time when relying on precomputed computational fluid
dynamics (CFD) data. We present the first integration of a
Fourier Neural Operator (FNO) into a Level D full flight sim-
ulator for real-time, physics-based urban wind field genera-
tion. Trained on high-resolution urban flow simulations, the
FNO predicts one-minute-averaged 3D wind fields that dy-
namically adapt to flight state and location, replacing static
wind inputs in the simulator pipeline. Turbulence levels are
computed from the predictions and injected directly into the
simulation loop. Professional pilots evaluated the system in
an urban scenario and reported that it reproduced wind ef-
fects they would expect, such as turbulence and directional
changes when landing behind buildings. They highlighted its
value for less experienced pilots to develop wind awareness
and for realistic training in critical operations, including oft-
shore platform landings.

Introduction

Many problems in science and engineering can be formu-
lated as partial differential equations (PDEs) and solved
numerically. Among the most widely used discretiza-
tion schemes are the finite-element method (FEM) (Lar-
son and Bengzon 2013), the finite-volume method (FVM)
(Moukalled, Mangani, and Darwish 2016), and the finite-
difference method (FDM) (MITCHELL and Griffiths 1980).
These techniques underpin the simulation of various physi-
cal phenomena, including structural and material mechanics,
incompressible and compressible flows, numerical weather
prediction, and heat conduction, at industrial and research
scales (Liu, Li, and Park 2021; Wiirth et al. 2024). Despite
continuing advances in high-performance computing (HPC)
hardware, a pronounced trade-off persists. Coarser spatial or
temporal discretizations shorten runtimes and reduce com-
putational cost, but at the expense of accuracy. In contrast,
finer meshes or smaller time steps improve fidelity while
incurring substantially higher cost. This dilemma is espe-
cially acute when real-time or near-real-time predictions are
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required. Reducing wall-clock time to seconds with state-
of-the-art solvers either degrades accuracy or demands pro-
hibitive HPC resources (Ashton et al. 2024).

In parallel with hardware developments, deep-learning
methods have advanced significantly, offering large speed-
ups, lower operational cost, and competitive accuracy for
PDE problems (Wiirth et al. 2024; Qin et al. 2025). Current
research on neural solvers falls into three broad categories:
Hybrid models accelerate conventional solvers by replacing
the most expensive algorithmic kernels with learned surro-
gates or by correcting discretization error (Um et al. 2020).
While highly effective when tailored to a specific PDE, they
often generalize poorly to new equations or boundary con-
ditions (Tran et al. 2023).

Physics-informed models, typified by Physics-Informed
Neural Networks (PINNs) (Raissi, Perdikaris, and Karni-
adakis 2019; Cuomo et al. 2022), embed the governing
PDE:s or conservation laws directly into the loss function. By
enforcing physical consistency during training, these models
achieve higher accuracy in data-scarce settings (Qin et al.
2025; Wiirth et al. 2024; Ashton et al. 2024).

Fully data-driven models avoid explicit physical con-
straints and learn directly from large collections of histor-
ical simulations or measurements. Although they require
more training data than physics-informed approaches, they
avoid the simplifying assumptions inherent in many tradi-
tional models and can capture complex real-world dynamics
(Qin et al. 2025; Ashton et al. 2024; Li et al. 2021).

Within the fully data-driven class of neural network mod-
els, the Fourier Neural Operator (FNO) (Li et al. 2021) has
emerged as a state-of-the-art architecture for efficiently solv-
ing PDEs. FNOs learn resolution-invariant operators capable
of generalizing across diverse PDE instances and support
zero-shot super-resolution. Consequently, a model trained
on coarse spatial discretizations can generalize to finer res-
olutions without additional training, providing significant
computational advantages and flexibility (Li et al. 2021).
These features make FNOs particularly advantageous for
real-time simulation tasks where fast inference and adapt-
ability to varying conditions are essential. Recently, FNOs
have been successfully employed in related flow physics ap-
plications, ranging from city-scale and pedestrian-level wind
prediction (Qin et al. 2025; Peng et al. 2024; Chen et al.
2025) to high Reynolds number turbulence closure (Wang



et al. 2024; Luo et al. 2024) and accelerated atmospheric
forecasting from Weather Research and Forecasting (WRF)
model data (Costa Rocha et al. 2025).

Besides those applications a compelling deployment of
FNOs would be their integration into flight simulators for
real-time prediction and simulation of realistic wind con-
ditions, thereby enhancing pilot training with dynamically
evolving atmospheric scenarios. Pilot training requires ex-
posure to challenging scenarios that are either too hazardous
or expensive to replicate with real aircraft. Modern flight
simulators offer a safe, controlled and cost-effective envi-
ronment to practice such critical situations. Integrating ad-
vanced Al-driven wind prediction models, such as FNO, into
these simulators significantly enhances the realism and edu-
cational value of training exercises. Research indicates that
realistic simulator-based training significantly reduces learn-
ing curves in actual flight conditions, improves pilot profi-
ciency, and allows trainees to safely practice emergency ma-
neuvers, adverse weather scenarios, or system malfunctions
that are otherwise impractical or unsafe in real-world con-
ditions (Sabadas et al. 2024; White et al. 2021; Rantanen
and Talleur 2005). A critical factor influencing the realism
of flight simulation is the accurate representation of envi-
ronmental conditions such as wind, turbulence, and weather
phenomena. Recent research efforts have emphasized in-
tegrating high-fidelity atmospheric models into helicopter
simulators, enabling pilots to experience and respond to
dynamic and realistic wind conditions in real-time. Lever-
aging pre-computed CFD flow fields, these studies stream
meter-scale, four-dimensional wind grids into the pilot loop,
using a PALM LES solver over complex terrain (Liu et al.
2022), turbine-wake CFD for offshore operations (gtrbac
et al. 2022), and high-resolution terrain resolved CFD for
canyon environments (Watson et al. 2025). While integrat-
ing precomputed CFD-based wind fields into flight simula-
tors can reproduce coherent gust structures, increase pilot
control workload, and enhance training realism, these ap-
proaches rely on replaying pre-generated scenarios. Due to
the high computational cost of CFD simulations, wind fields
must be generated in advance and cannot be dynamically
updated during runtime. As a result, such methods are lim-
ited to a fixed set of wind and terrain scenarios, reducing
their ability to capture the variability and complexity of real-
world environments.

To address these limitations, we propose the integration of
an FNO into the flight simulator pipeline for real-time wind
field generation. In contrast to traditional methods that rely
on precomputed CFD data, our approach generates realis-
tic urban wind fields in real time, enabling dynamic adapta-
tion to changing flight conditions. This allows helicopter pi-
lots to experience a wider range of landing scenarios under
varied and physically plausible wind conditions, improving
both the variability and realism of training exercises. To the
best of our knowledge, this is the first work to integrate an
FNO, or any other machine learning model, into a flight sim-
ulator for real-time, physics-based wind simulation in pilot
training.
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Overall System Architecture

Figure 1 depicts the runtime architecture for integrating
neural, real-time wind-field generation into a Level D full
flight simulator (Reiser Simulation and Training, H145). A
Factorized Fourier Neural Operator (F-FNO) (Tran et al.
2023) forecasts minute-mean 3D wind fields autoregres-
sively, rolling out Wt+1 = f@(Wt) from an initial field W, .
Because each Wt denotes a one-minute average, a back-
ground service publishes the current field once per minute
for all downstream components.

The simulator streams aircraft state via the User Data-
gram Protocol (UDP)—position (longitude, latitude, alti-
tude; WGS-84), attitude (roll, pitch, yaw), and velocity in
the North—East-Down (NED) frame. The aircraft position is
mapped to the Cartesian grid used by the F-FNO. The wind
vector w = (u, v, w) is then sampled at the helicopter’s lo-
cation from the latest field, and both w and a discrete turbu-
lence level 7 € {0, 1,2, 3} (none to severe), computed from
wind-field features (e.g., magnitude, directional variability,
and up-/downwash), are returned to the simulator via UDP.

The same urban geometry used for model training is em-
bedded in the simulator to ensure geometric consistency be-
tween the prediction domain and the visual/physics envi-
ronment. Implementation details on coordinate transforms,
training, and turbulence estimation are provided in subse-
quent sections.

Flight Simulator Environment

The experiments are conducted on a high-fidelity, Level D
full flight simulator for the H145 helicopter by Reiser Sim-
ulation and Training GmbH. Level D certification, as de-
fined by EASA and FAA regulations, denotes the highest
standard of realism in flight simulation. The device provides
six-degrees-of-freedom (6-DoF) motion, high-fidelity visual
systems, and a fully replicated cockpit, enabling pilot train-
ing under realistic and dynamic conditions, including sys-
tem malfunctions, adverse weather (e.g., strong winds), and
emergency procedures.

The software architecture is modular and organized into
three main simulation components (MSCs):

SimShip MSC: flight dynamics, motion system, cockpit
interfaces, control loading, aural cues, and visual output.

World MSC: environment-level data, including weather,
air traffic, and navigation databases.

Simulator MSC: terrain rendering, projector pipelines,
and external data feeds.

In the proposed setup, conventional replay-based wind in-
puts are replaced by F-FNO-based dynamic 3D wind fields
that are updated at runtime and sampled at the aircraft po-
sition each frame. The minute-mean wind fields are pub-
lished once per minute and injected into the simulator via
the World MSC, while visualizations are presented through
the Out-the-Window (OTW) rendering system.

To enhance training, the simulator can overlay hazardous
wind regions derived from the predicted fields as volumet-
ric keep-out, referred to as geofences. These are rendered in
real time using Unreal Engine 5 and, when a virtual-reality
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Figure 1: Runtime architecture of the proposed system. A F-FNO forecasts one-minute mean wind fields autoregressively,
which are streamed into the Level D helicopter flight simulator in real time. Aircraft state is transmitted via UDP, mapped to
the F-FNO grid, and used to sample local wind vectors and turbulence levels. The outputs are injected back into the simulator
to ensure geometric consistency and realistic pilot-in-the-loop wind dynamics.

(VR) headset is employed, appear directly in the pilot’s field
of view to support planning and approach-phase situational
awareness.

The framework further includes a custom geofencing and
hazard-navigation module driven by the F-FNO predictions.
Helicopter state is received via the UDP interface; hazard
volumes are computed from wind-field features, encoded as
STL geometry, streamed to the renderer, and displayed as
dynamic 3D polygons. The module currently operates as a
standalone visual cue and is designed for future integration
as a cockpit overlay to improve pilot awareness.

Neural Network Based Wind Simulation

To integrate realistic urban wind dynamics into flight sim-
ulators, a neural operator framework is employed to learn
resolution-agnostic mappings from urban geometries to
three-dimensional wind fields. The next subsection outlines
the architecture of the neural network, designed for efficient
spectral learning in 3D domains as well as the training setup
based on simulated wind fields in an urban environment,
which provides the high-fidelity data necessary for robust
and geometry-aware predictions.

Operator-Learning Setup and Architecture

In this work, urban wind forecasting is framed as opera-
tor learning. Instead of predicting point values on a fixed
mesh, the approach learns a resolution-invariant map be-
tween function spaces that can be evaluated in real time in-
side a pilot-in-the-loop simulator. Let D C R? be a bounded
spatial domain and consider separable Banach spaces A =
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A(D;R%) (inputs) and U = U(D;R%) (outputs). Given
i.i.d. samples (aj,u;)j = 17V withu; = G (a;)+¢&;, where
G' : A — U is the unknown target operator and & ; denotes
simulation noise, a parametric operator G0 : A — U is
learned. Discretization invariance is enforced by evaluating
inputs and outputs at arbitrary point sets D,, = z;i*; C D,
enabling the same model to serve different grids and cropped
subdomains at runtime.

The operator Gy is instantiated with a FNO (Li et al.
2021), which implements nonlocal coupling via spectral
(frequency-domain) convolution and therefore generalizes
across mesh resolutions. Concretely, let v; € R™*H pe the
hidden field at depth ¢ on a discretization of size n with hid-
den width H. A standard FNO layer updates

vip1(x) = 0<W ve(z) + }'fl(R(b ® }'vt)(:c)), @)

where W : R — R is a pointwise linear map, o is a non-
linearity, 7/F ! denote the (discrete) Fourier transform/in-
verse Fourier transform, Ry are learnable complex spectral
weights restricted to the top M modes per axis, and ® de-
notes channelwise multiplication in frequency space.

To scale to 3D flow while maintaining real-time inference,
the F-FNO (Tran et al. 2023) is employed. F-FNO factor-
izes the spectral operator along each spatial axis to reduce
parameters and memory from O(H?M?) to O(H?Md)
(with spatial dimension d, hidden width H, and retained
modes M):

d
(Kov)(@) = Y Fi}(Ros © Fawr) @), @)
i=1



Figure 2: Full flight simulator architecture and visualization pipeline. The Level D H145 simulator provides six degrees of
freedom motion, high-fidelity out-the-window (OTW) visuals, and a fully replicated cockpit. Hazardous wind regions are
depicted as volumetric geofences, rendered in real time via OTW and optional VR (Unreal Engine 5). The pilot’s headset
visualization supports operational awareness and avoidance of critical areas. Aircraft state is received via UDP; hazard volumes
are derived from wind-field features, encoded as STL, and streamed for display, furnishing the pilot with an additional source
of turbulence information.

with Ry ; € CM*HXH Each operator block applies this
factorized spectral update followed by a two-layer feed-
forward transformation with post-activation residual con-
nection for stability in deep stacks:

Vi1 () = ve(x) + O'(WQ o(W (K¢vt)(x))). 3)

A lifting layer P : R% — R maps inputs into the hid-
den width; T operator blocks (Eq. 3) produce vy, which
is projected to the output via @ : R — R Minute-
averaged 3D wind fields are rolled out autoregressively,
Wt+1 fO(W,), and the results are published to the
flight-simulation pipeline each minute.

Dataset and Training

The urban wind dataset of Rienecker, Hildebrand, and Pfifer
(2023), generated with the PALM (Maronga et al. 2020)
large-eddy simulation (LES) system (Zhiyin 2015), is used.
The scene represents a canonical European city block with
eight buildings: three residential towers (50 m), four ter-
raced houses (20 m), and one supermarket (15 m), designed
to capture typical local wind effects around structures. The
computational domain spans 1125 x 600 x 250m on an
equidistant Cartesian grid with Ax = Ay = Az = 2.5m
(450 x 240 % 100 cells). The same urban geometry is embed-
ded in the simulator at identical scale, enabling a one-to-one
mapping from the model grid to the simulator world coor-
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dinates and sampling of predicted winds at the helicopter’s
current position.

A single westerly inflow direction is simulated at three
representative free-stream speeds, 6.5, 8.3, and 9.9 m/s, ap-
proximating the minimum, mean, and maximum values
from a one-year record at 10 m height in Dresden, Germany.
Wind fields are stored as one-minute averages and serve as
training targets for the F-FNO.

Each training sample contains the minute-mean 3D ve-
locity components (u, v, w), a binary occupancy mask for
buildings/terrain, and normalized coordinates (z,y,z) €
[0,1]3 to facilitate geometry-aware and resolution-agnostic
learning. Mini-batches draw random subvolumes of size
64 x 64 x 32 to accelerate training. Data augmentation in-
cludes rotations about the vertical (yaw) axis and small addi-
tive Gaussian noise on input channels to improve robustness
to heading changes and rollout imperfections.

During training, the model receives a mini-batch of aug-
mented subvolumes and is trained to autoregressively pre-
dict the next H = 5 time steps for each sample. Optimiza-
tion is performed using AdamW with a cosine learning-rate
schedule and gradient clipping. The loss balances pointwise
accuracy, spectral fidelity, and approximate incompressibil-



ity over the rollout horizon:
L= [[Wip1 = Winll3
+ /\specHF(WtJrl) - ]:(WtJrl
+ Aairl[V- Wi |13,

][ @

where the spectral term promotes preservation of coherent
structures at retained modes and the divergence penalty dis-
courages spurious compressibility. After convergence, the
composite validation loss stabilized at £ ~ 0.094, compris-
ing a pointwise MSE component of 0.058, a weighted spec-
tral component of 0.028, and a weighted divergence penalty
of 0.008. The pointwise MSE accounts for the largest por-
tion of the total loss, as it directly quantifies deviations from
the LES reference snapshots. The spectral term contributes
moderately by promoting the preservation of coherent flow
structures without overpowering the optimization dynamics.

Real-Time Integration of Learned Wind
Predictions into the Flight Simulator

Atinference, a single F-FNO step autoregressively produces
the next minute-mean wind field, Wt+1 = fe(Wt), start-
ing from an initial field Wy. In deployment, inference runs
on a GPU server equipped with two NVIDIA A100 GPUs
(80 GB each). A background process publishes the current
wind field once per minute, ensuring that the wind informa-
tion sampled at the helicopter’s position always corresponds
to the latest minute and evolves in real time.

To seamlessly couple the predicted wind fields with the
pilot-in-the-loop simulator, geodetic coordinates are trans-
formed to the network grid in three stages. First, the sim-
ulator’s WGS-84 latitude, longitude, and altitude are con-
verted to Earth-Centered, Earth-Fixed (ECEF) coordinates.
Second, ECEF vectors are mapped to a local East—-North—Up
(ENU) frame centered at a designated reference point within
the simulated urban area. Third, the ENU coordinates are
rotated according to the simulator heading and scaled into
the equidistant Cartesian grid of the F-FNO. This transfor-
mation establishes a consistent correspondence between the
aircraft’s position in the simulation and the discretized pre-
diction domain, enabling wind vectors to be queried and in-
jected into the simulator in real time.

The simulator publishes aircraft state via a predefined
UDP interface, including latitude, longitude, altitude, veloc-
ity, and attitude (roll, pitch, yaw). This information is trans-
formed into the F-FNO grid coordinates, the local wind vec-
tor w = (u, v, w) is sampled from the latest published field,
and w is returned to the simulator via UDP.

In addition to the 3D wind vector, the system computes
a discrete turbulence level 7 € {0,1,2,3} (none to se-
vere) based on wind-field features relevant to rotorcraft
operations, including turbulence intensity, gust amplitude,
wind shear, up- and downdrafts, vorticity, and absolute wind
speed. Each feature is thresholded against safety-critical val-
ues derived from regulatory and empirical sources (Wolf-
son et al. 1994; Federal Aviation Administration 2008) and
adjusted to aircraft-specific characteristics (H145), such as

40246

mass, maneuverability, handling qualities, and available en-
ergy margin. After each minute-mean wind field is pub-
lished, the algorithm evaluates these criteria across the grid
to obtain 7 at all locations. During the simulation, the cur-
rent wind vector and the corresponding turbulence level at
the helicopter’s position are forwarded via UDP and applied
within the simulator’s environment model.

Pilot-in-the-Loop Flight Test Scenarios and
Evaluation

To assess the realism of the setup with the integrated F—
FNO-predicted wind fields in the full flight simulator, multi-
ple helicopter pilots conducted test sessions. Several flight
scenarios were designed in which pilots typically operate
in urban environments during medical emergency missions.
These included landings behind and on top of buildings,
where complex wind conditions often arise. The scenarios
were executed in the simulator environment with the inte-
gration of the F-FNO-based wind field predictions.

To complement the real-time wind field simulation, a de-
tection and visualization pipeline was implemented. This
pipeline identifies hazardous regions in terms of critical
wind conditions and represents them as three-dimensional
geofences. For the calculation of turbulence-related hazard
factors, the relevant features are combined into a unified
mask, which is then transformed into geofences. The process
involves surface extraction using marching cubes, clustering
with DBSCAN, and hull construction via a-shapes:

Pr = oz-Shape(Vk, a), (5)

The resulting volumes are streamed into the simulator en-
vironment and overlaid in real time, providing pilots with
intuitive awareness of hazardous wind regions and enabling
training for safe navigation in complex urban conditions. All
test pilots flew multiple routes and landing approaches under
varying wind conditions. During the flights, they also evalu-
ated different visualization strategies to support recognition
of critical wind field scenarios.

After completing the flights, all test pilots filled out a
questionnaire regarding the realism of the simulated wind as
well as the usefulness of the visualization techniques. They
unanimously rated the F-FNO-simulated wind as highly re-
alistic. The pilots agreed that the vortices and turbulence ex-
perienced during the landings matched what they would ex-
pect in real-world conditions. Typical wind phenomena be-
hind buildings, which strongly influence landing maneuvers,
were realistically captured and integrated into the simulation
by the F-FNO. The pilots further emphasized that such real-
istically generated wind fields are highly valuable for train-
ing difficult landing scenarios, such as offshore platforms
or rooftop hospital helipads. In particular, they noted that
younger and less experienced pilots could significantly ben-
efit from exposure to these complex wind conditions during
training.

The continuous in-flight visualization of critical turbu-
lence was, however, perceived as distracting. The pilots sug-
gested that the visualization is more useful either before the
flight, or shortly before landing as part of planning and situ-
ational preparation. They also highlighted its potential in the



training of novice pilots. In contrast, a permanent visualiza-
tion via a head-mounted display was considered distracting
and insufficiently precise for real-time flight assistance.

Conclusion, Limitations and Future Work

This paper presented the first integration of an FNO-based
network, specifically a Factorized Fourier Neural Operator,
into a certified Level D helicopter flight simulator for real-
time, physics-based wind field generation. The proposed ap-
proach replaces static or precomputed CFD inputs with dy-
namically evolving 3D wind predictions, which are sam-
pled at the helicopter’s position and injected into the sim-
ulation. Professional pilots evaluated the system in urban
landing scenarios and unanimously confirmed the realism of
the generated wind fields, highlighting that turbulence and
vortices behind buildings matched their operational expec-
tations. They emphasized the value of such simulations for
training, especially in difficult scenarios such as rooftop hos-
pital landings or offshore platforms, and noted the particular
benefit for younger or less experienced pilots. While contin-
uous in-flight visualization of hazardous regions was consid-
ered distracting, the pilots agreed that selective visualization
before or during approach can support situational awareness
and enhance training effectiveness.

Despite these encouraging results, several limitations re-
main. First, although the F-FNO architecture is inherently
resolution-invariant and can, in principle, generalize across
grids and domains, the present training dataset is restricted
to a single stylized urban neighborhood. As a result, the gen-
eralizability to diverse and realistic city geometries is lim-
ited, and arbitrary urban areas worldwide cannot yet be sim-
ulated without retraining. Second, the dataset contains only
three wind inflow speeds and a single dominant direction,
which constrains the variability of predicted wind scenar-
i0s. Third, because the training data consist of one-minute
averages, the neural operator reproduces only minute-mean
wind fields. Higher temporal resolutions, which are crucial
for capturing sub-minute gusts and transient turbulence, are
not possible with the current data.

Beyond the documented data constraints, several addi-
tional factors currently limit deployment and generalizabil-
ity. First, the presented system does not yet incorporate ex-
plicit uncertainty quantification or out-of-distribution detec-
tion. When faced with urban layouts, inflow conditions, or
operating regimes that differ substantially from the training
corpus, F-FNO may yield smooth but physically implausi-
ble wind fields. This risk is addressed in the present proto-
type by restricting usage to validated scenarios and by pro-
viding a fallback to a static wind model outside the trained
domain. Second, the pilot-in-the-loop evaluation is prelimi-
nary: a limited number of professional helicopter pilots and
scenario types were considered, and their assessments were
collected using mainly subjective ratings. The reported re-
alism should therefore be interpreted as an initial feasibility
indication rather than a comprehensive validation across air-
craft types, weather conditions and training curricula. Third,
hazardous region visualization is provided as a research pro-
totype rather than an operational aid. Continuous VR display
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of geofences was perceived as distracting by test pilots, in-
dicating that these visualizations are more suitable for pre-
flight and approach preparation than for persistent cockpit
overlays in safety-critical operations.

These limitations directly inform our roadmap for future
work. Over the next six months, we plan to conduct ad-
ditional pilot-in-the-loop test sessions to extend feedback
on usability, identify shortcomings in visualization strate-
gies, and refine integration into operational training. In par-
allel, the training dataset is being expanded to include mul-
tiple realistic and heterogeneous urban neighborhoods, with
a broader range of inflow directions and wind speeds. A key
objective is to achieve finer temporal resolution by moving
beyond minute-averaged data, thereby enabling the neural
operator to reproduce short-term gust dynamics critical for
rotorcraft safety. Taken together, these steps establish a clear
trajectory towards integrating FNO-based wind field genera-
tion as a default component of flight simulators, enabling pi-
lots to systematically train under realistic, data-driven wind
conditions across a wide variety of operational scenarios.
Ultimately, this work lays the foundation for next-generation
pilot training systems where realistic, data-driven wind dy-
namics become a standard feature of flight simulators rather
than an experimental add-on.
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