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ABSTRACT

Large-scale weather and climate models provide reliable wind information at re-
gional scales, yet their outputs are typically too coarse for direct UAV decision
making in geometrically complex urban environments. This paper investigates
how large-scale atmospheric information can be transformed into city-scale wind
representations and utilized for downstream navigation decisions. We propose a
cross-scale prediction and decision framework that takes background wind condi-
tions from existing weather or climate models and combines them with detailed
3D urban geometry to predict time-averaged urban wind fields using a 3D neural
operator. The predicted wind fields are then incorporated into a wind-aware UAV
trajectory optimization problem to minimize energy consumption under kinematic
feasibility and safety constraints. By comparing trajectories planned against a
wind-agnostic baseline, we demonstrate significant efficiency gains enabled by
Al-predicted wind, specifically 10.3% savings in tailwinds, 7.7% in headwinds,
and 3.9% in crosswind conditions. These results indicate that learning decision-
relevant urban wind representations offers a practical pathway for bridging large-
scale atmospheric information and fine-scale urban decision making.

1 INTRODUCTION

As Unmanned Aerial Vehicles (UAVs) become increasingly prevalent in urban areas, integrating
complex local wind fields into autonomous decision making has emerged as a key challenge for
improving energy efficiency (Rienecker et al.l 2023} |Chan et al., [2023; |Gu et al.| 2025)). Although
modern climate models provide reliable wind information at regional scales (Kurth et al., 2023}
Price et al., 2025), their outputs are typically too coarse to directly support decision making in geo-
metrically complex urban environments, where three-dimensional building structures induce highly
heterogeneous flow patterns (Britter & Hanna, 2003)). High-fidelity Computational Fluid Dynam-
ics (CFD) can resolve such urban wind fields with high accuracy, but its substantial computational
cost (Tominaga et al.| [2008)) limits its usage. In our setting, steady-state CFD requires around 12
hours per simulation, making CFD impractical for real-time or iterative UAV planning.

To address this gap, we leverage a data-driven model (Qin et al.| 2025) based on the 3D Fourier
Neural Operator (FNO) (Li et al.| 2021} Kovachki et al.| |2023) and present a cross-scale framework
that connects large-scale atmospheric information with city-scale wind representations suitable for
downstream planning. Figure [1]illustrates the overall pipeline. Given background wind conditions
that can be obtained from existing weather or climate models, we combine them with detailed 3D ur-
ban geometry and predict steady, time-averaged urban wind fields using a model based on 3D FNO.
The model is trained on CFD data to map urban geometry to city-scale wind fields under given
wind boundary conditions. This approach provides a practical surrogate that preserves key aero-
dynamic structures induced by urban geometry while enabling fast inference compared to iterative
CFD solvers, resulting in over 3 orders of magnitude computational acceleration in our experiments.

*Corresponding authors.
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Figure 1: Overview of the proposed cross-scale framework for urban wind prediction and UAV
path planning. Stage 1 extracts regional background wind conditions from large-scale atmospheric
models. Stage 2 predicts city-scale 3D wind fields using urban geometry via a neural operator. Stage
3 generates wind-aware, energy-optimal UAV trajectories under kinematic and safety constraints.

We then incorporate the predicted wind fields into a continuous, wind-aware UAV trajectory op-
timization pipeline with explicit kinematic feasibility and safety constraints to minimize energy
consumption. The planning process follows a two-stage structure. First, a Rapidly-exploring Ran-
dom Tree (RRT) algorithm generates multiple collision-free candidate paths to
provide diverse feasible initializations in cluttered urban environments. Second, a trajectory op-
timization routine refines each candidate by jointly optimizing waypoint positions and
velocity profiles to minimize total energy consumption under physical constraints. By querying the
predicted wind field along the trajectory, the optimizer can exploit favorable airflow patterns and
avoid high-drag regions while maintaining safety.

We evaluate the effectiveness of the proposed framework by comparing three planning scenarios: (i)
a wind-agnostic baseline assuming zero wind, (ii) planning based on high-fidelity CFD wind fields,
and (iii) planning based on FNO-predicted wind fields. Experiments on a held-out urban region
demonstrate that the FNO-based approach captures sufficient aerodynamic detail to achieve 10.3%
savings in tailwinds, 7.7% in headwinds, and 3.9% in crosswind conditions relative to the base-
line. Remarkably, these results recover 90.7%, 77.9%, and 79.6% of the energy savings achieved
by planning with high-fidelity CFD, respectively. These results indicate that learning city-scale
wind representations from large-scale atmospheric information provides a computationally efficient
pathway for bridging climate-scale models and fine-scale urban decision making.

2 DATA OVERVIEW

The 3D neural operator used in this framework was trained on a dataset of 24 time-averaged urban
wind fields (1.2 km x 1.2 km each) generated in prior research (Qin et al} 2025). These fields were
simulated using a GPU-optimized solver CityFFD (Mortezazadeh & Wang, 2019) with large eddy
simulation, and the steady-state mean flow was obtained upon convergence. The dataset comprises
domains from real-world cities containing high-rise buildings. To validate the generalization of our
framework, we perform evaluations on a held-out test city. In the full framework, background wind
information is assumed to be provided by large-scale atmospheric models.

3 METHODOLOGY

3.1 URBAN WIND PREDICTION VIA NEURAL OPERATOR

We employ an existing 3D FNO-based (Li et al., 2021} [Kovachki et al} [2023)) surrogate model
2025) to infer the wind field. The model utilizes spatial 3D patch-based training with global
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geometry encoding. This significantly augments training data, enabling acceptable accuracy from
limited full-scale simulations. Specifically, it maps binary building geometries to time-averaged 3D
wind fields at a reference speed. Leveraging flow linearity at high Reynolds numbers, these fields
can be linearly scaled for other wind speeds. For inference, localized 3D patches are predicted
and stitched to reconstruct the full-scale field, ensuring scalability to larger urban environments.
This process generates a 1.2km x 1.2km domain in under 30 s, over 1000x faster than CFD.
Furthermore, the patch-wise architecture allows for targeted prediction of task-critical regions to
further accelerate inference. This efficiency enables practical UAV trajectory planning, whereas
traditional CFD requires days, precluding its use in rapid decision making.

3.2 WIND-AWARE UAV PATH PLANNING

The planning module computes energy-optimal trajectories using a two-stage approach: sampling-
based initialization followed by continuous trajectory optimization.

Initialization via RRT. A Rapidly-exploring Random Tree (LaValle, |1998) first generates multiple
topologically distinct, collision-free paths. These paths provide diverse warm starts to alleviate local
minima issues in the subsequent optimization. Details are provided in Appendix

Continuous trajectory optimization. We refine each candidate path as a nonlinear program (NLP)
solved via the Interior Point OPTimizer (IPOPT) (Wachter & Biegler, 2006), after which we select
the trajectory with the minimum energy cost as the final mission plan. Decision variables include the
discretized UAV states, consisting of position x;, velocity v;, and acceleration a; at each waypoint,
and a uniform time step At. The NLP is defined by the following components: (i) Objective func-
tion: We minimize the time integral of the UAV power as its total energy consumption, where the
power model (Appendix [A)) accounts for useful, induced, and profile power. The useful power term
accounts for the work done against aerodynamic drag and gravity. This term implicitly drives the
solver to exploit tailwinds and avoid high-drag zones. Induced and profile power components model
the aerodynamic losses of the propellers. (ii) Kinematic feasibility: Trapezoidal collocation con-
straints enforce physical consistency between position, velocity, and acceleration across time steps.
(iili) Geometric feasibility: A hard safety constraint ensures the distance to the nearest obstacle
exceeds a predefined clearance at all nodes. (iv) Actuation limits: Bounds are imposed on velocity,
acceleration, and thrust magnitudes to respect the UAV’s operational envelope. See Appendix [B.3]
for details of ii—iv.

4 RESULTS AND DISCUSSION

Experimental Setup. We evaluate the framework using a 1.2 km x 1.2 km test urban area excluded
from the FNO training dataset. Background inflow is characterized by a reference speed of 4 m/s at
a 10 m height. We sample 256 random pairs of start and goal locations across the domain, with both
terminal points set at 50 m altitude and the allowable flight envelope ranging from 30 m to 150 m.

For each mission, we compare three planning strategies: (i) a wind-agnostic baseline assuming zero
wind velocity, (ii) planning with high-fidelity wind information from CFD simulations, and (iii)
planning with wind estimates from the FNO-based model. Strategy (ii) serves as a performance
upper bound, as the prohibitive computational latency of CFD precludes its use for practical mission
planning. To ensure a robust comparison and mitigate the effect of local minima, each strategy
employs 10 distinct RRT initializations per mission. The final energy consumption for all three
methods is evaluated within the high-fidelity CFD wind field to reflect the actual physical conditions
the UAV would encounter during operation.

4.1 WIND FIELD PREDICTION AND TRAJECTORY CHARACTERISTICS

The CFD-simulated wind field and the FNO-based prediction are compared in the first column of
Figure |2l The FNO model achieves a mean velocity error of approximately 0.6 m/s while requir-
ing less than one-thousandth of the computational time of full CFD. Although minor fine-scale
discrepancies remain, the model accurately captures dominant aerodynamic structures, including
high-velocity zones in urban canyons and recirculation regions behind buildings.
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These wind representations directly o s, s
influence trajectory planning. Wind- ‘ v

agnostic paths favor near-straight
shortest routes, whereas wind-aware
planners generate curvilinear trajec-
tories that exploit local flow struc-
tures and vertical wind gradients.
Specifically, the UAV climbs in tail-
winds to harness stronger assisting
flows and descends in headwinds to
reduce resistance. Figure[2]shows the
urban height map and the optimized
trajectories under headwind, tail-
wind, and crosswind conditions. Tra-
jectories computed using the FNO- _— e e

based model closely match those ob- D " e T P i ™
tained with high-fidelity CFD. De-  Figure 2: Urban wind fields and optimized trajectories com-
spite approximation errors, our ap- paring wind-agnostic, CFD-based, and FNO-based planning
proach consistently identifies more ynder tailwind, crosswind, and headwind conditions. Cir-
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4.2 STATISTICAL ANALYSIS OF TRAJECTORY CHARACTERISTICS

Figure [3| displays individual mission results in polar coordinates, where the angular dimension rep-
resents the relative wind angle 6, defined between the start-to-goal mission vector and the global
wind direction. For quantitative analysis, the missions are categorized into: (i) Tailwind (|6] < 45°),
(i) Headwind (|0 — 180°| < 45°), and (iii) Crosswind (all other angles).

The left subplot illustrates energy
savings relative to the wind—agnostic Energy saving (%) Mean flight altitude (m) Mean flight speed (m/s)

by relative wind angle by relative wind angle by relative wind angle
° 90° 920°

baseline, highlighting that savings
are most pronounced in tailwind and
headwind missions while being rel-
atively lower in crosswind condi-
tions. FNO-based trajectories recover
90.7% of the energy savings attained
using high-fidelity CFD in tailwinds, . :
77.9% in headwinds, and 79.6% in o wing B Windaware (CFD) 4 Wind-aware (FNO)

crosswinds. Variance in savings is  Rjgure 3: Trajectory performance statistics across 256 mis-
notably greater in headwinds. While  gjons as a function of relative wind angle, including energy

the tailwind strategy, climbing to ex-  ¢ayings, mean flight altitude, and mean ground speed.
ploit wind gradients at altitude, re-

mains uniform, the headwind strategy requires navigating complex flow structures induced by build-
ing geometries, rendering efficiency highly dependent on local urban topology.

0° 180°

The middle subplot shows mean flight altitude correlating with the relative wind angle. To exploit
the vertical wind gradient, FNO-based trajectories climb in tailwinds (mean 125.4 m vs. 69.9 m
baseline) and descend in headwinds (60.0 m vs. 70.9 m baseline) to minimize drag. The wind-
agnostic baseline fails to exploit these vertical structures, maintaining a nearly constant altitude
across all directions.

The right subplot displays ground speed distributions. The wind-agnostic baseline remains at 13.5
m/s, whereas FNO-based planning leverages the flow to reach 16.3 m/s in tailwinds and reduces to
13.0 m/s in headwinds to maintain efficiency. The close alignment with high-fidelity CFD results
suggests that FNO-inferred wind fields provide a viable basis for practical, wind-aware path planning
in urban environments.
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A ENERGY CONSUMPTION MODEL

Urban wind fields significantly alter the aerodynamic loading of a UAV and, consequently, its en-
ergy consumption. To enable wind-aware trajectory optimization with tractable computational cost,
we adopt a quasi-steady power model evaluated along the discretized trajectory. This model explic-
itly accounts for spatially varying wind fields through the air-relative velocity vector v, ; at each
node. Specifically, the mechanical power is decomposed into three fundamental components: useful
power, induced power, and profile power. This formulation allows the optimizer to account for the
work done against aerodynamic drag and gravity while modeling the internal losses of the propulsion
system.

A.l1 STATE, WIND FIELD, AND BASIC DEFINITIONS

We consider a trajectory sampled at N discrete nodes indexed by i € {0,1,..., N — 1}. Atnode i,
the UAV state is

x; €ER3, v, eR3 a; €R?, (1)

representing position, ground-relative velocity, and ground-relative acceleration, respectively. The
(predicted) wind field is a vector function

w(x) € R?, 2)
which returns the local wind velocity at a spatial location x.
The air-relative velocity (airspeed vector) at node ¢ is defined as
Va,i = Vi — W(Xi)7 3)
with magnitude ||v,;||. Let g € R3 denote the gravitational acceleration vector (pointing down-

ward), with magnitude g = ||g||.

A.2 AERODYNAMIC DRAG AND REQUIRED THRUST

We model the parasite drag force using a quadratic form:
1
D; = _QpCdAf ”Va,iH Va,is 4
where p is air density, Cy is an effective drag coefficient, and A is the UAV frontal reference area.

The negative sign indicates that drag opposes the air-relative motion.

Given a; and the drag force, the thrust vector required to satisfy translational dynamics is
T; =ma; —mg — Dy, (%)
where m is the UAV mass. We denote the thrust magnitude and the unit thrust direction by

~ TZ
T,=|Ti|, ti=—. 6
[T T, (6)

A.3 POWER AT EACH NODE

Following standard rotorcraft momentum theory, we define the component of air-relative velocity
along the thrust axis as

Ve =V, it (7

ind
1

The induced velocity v;"® is computed by

. 1 1 2 T;
ind i
Vi 9 e \/(2“ ) 2pA ®

where A is the total rotor disk area.
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We then compute three power components at node ¢:

Pui="T]Va, )
Pind,i =T Uindy (10)
3
T \?2
Pp7i = Pp,hover (W) ; (1 1)

where P, ; is the useful power, representing the rate of work done by the thrust vector T'; against the
air-relative velocity v, ;. This term accounts for the power required to overcome parasite drag and
to facilitate changes in the UAV’s mechanical energy, including both potential and kinetic energy
variations. The induced power P;,q ; accounts for the energy required to accelerate air through the
rotor disks to generate thrust 7T;. The profile power P, ; models the aerodynamic losses due to the
rotation of the rotor blades, which is scaled from the hover profile power P, over based on the thrust
magnitude relative to the UAV weight mg.

The total power at node 7 is the sum of these components:
P, =P, + Piai+ Pp,. (12)

A.4 TRAJECTORY ENERGY INTEGRATION

Given a set of time intervals {At;} fi 62 between consecutive nodes, the total energy is obtained by
trapezoidal integration:

N—21
E= — (P, + P.1) At;. 1
;2( +Pii) (13)

In our trajectory optimization formulation, we impose a uniform time step At; = At as a con-
straint to couple the discretized kinematics and the energy objective. For post-optimization eval-
uation, the actual time interval At; is derived from the optimized positions and velocities, i.e.,
At; &~ |xit1 — xill/ (5 (Ivill + [|vis1]])). ensuring that the energy consumption reflects the actual
recovered velocity profile.

A.5 MODEL PARAMETERS

Unless otherwise stated, the parameters in equation [dl-equation [TT] are treated as constants: p (air
density), Cq (drag coefficient), A; (frontal area), m (mass), A (rotor disk area), g (gravitational
acceleration magnitude), and P, hover (hover profile power). The wind field w(x) is provided by the
learned wind predictor and queried continuously along the trajectory, enabling the planner to exploit
favorable airflow structures while maintaining physical consistency.

B ENERGY-AWARE PATH PLANNING VIA RRT INITIALIZATION AND
CONTINUOUS TRAJECTORY OPTIMIZATION

This work formulates wind-aware path planning in urban wind fields as a two-stage pipeline that
balances feasibility, computational efficiency, and physical consistency. The planner first employs
sampling-based initialization to rapidly generate collision-free candidate paths in the 3D environ-
ment. These paths are then refined by a continuous trajectory optimization routine that explicitly
minimizes energy consumption under kinematic feasibility and safety constraints.

B.1 PROBLEM SETTING AND INPUTS

The environment is represented by a 3D occupancy grid and an associated signed distance field
(SDF). The occupancy grid encodes obstacle voxels, while the SDF provides a continuous measure
of distance to the nearest obstacle, enabling a clearance margin to be enforced both in discrete
planning and continuous optimization. A spatially varying wind field is provided as a 3D velocity
vector function w(x), obtained from CFD simulations or the learned wind predictor.

Given a start location X, and a goal location x4, the objective is to compute a trajectory that is (i)
collision-free with a prescribed clearance, (ii) dynamically feasible under realistic limits on velocity,
acceleration, and thrust, and (iii) energy-minimal in the presence of wind.



Published as a workshop paper at ICLR 2026

B.2 FEASIBLE PATH INITIALIZATION WITH RRT

To obtain an initial feasible solution quickly, we employ a Rapidly-exploring Random Tree (RRT)
planner in the 3D grid. RRT incrementally grows a tree rooted at the start by repeatedly sampling
random points in free space and connecting each sample to the nearest existing node via a short
forward extension. This approach is well-suited for cluttered urban scenes because it explores large
free-space volumes efficiently and does not require a global search over all grid cells.

In our implementation, the extension length is adapted using the local SDF value: when the sampled
region is far from obstacles, larger steps are taken to accelerate exploration; when near obstacles, the
step size is reduced to increase maneuvering resolution and avoid collisions. Each newly proposed
tree edge is validated by discretizing the line segment and checking obstacle clearance conditions.
The planner terminates as soon as the tree reaches the goal region and returns a piecewise-linear
waypoint sequence that is guaranteed to satisfy the geometric obstacle constraints at the chosen
checking resolution.

Because RRT is stochastic, repeated runs naturally produce diverse feasible paths with different ho-
motopy classes and different exposure to wind structures. We therefore generate multiple candidate
initial paths and refine each candidate in the next stage, retaining the best-performing solutions.

B.3 CONTINUOUS TRAJECTORY OPTIMIZATION FOR ENERGY MINIMIZATION

While the RRT output is collision-free, it is not optimized for energy and does not explicitly enforce
dynamic limits. We therefore refine the waypoint sequence using a continuous trajectory optimiza-
tion formulation that jointly adjusts the waypoint positions and the associated velocity profile.

Let the trajectory be discretized into N nodes indexed by ¢ € {0, ..., N —1}. The decision variables
are

Z = {xi, vi, ai},L,! U{At}, (14)
where x; € R? is the position, v; € R? is the ground-relative velocity, a; € R3 is the acceleration,
and At is a uniform time step shared across segments. The wind field enters through the air-relative
velocity v, ; = v; — wW(x;), which affects both drag and the required thrust, and consequently the
power and energy.

Objective. Using the per-node power model defined in Section[A] the trajectory optimization min-
imizes the total energy via trapezoidal integration:

N—-2
. 1

Kinematic consistency. To ensure kinematic consistency between position, velocity, and acceler-
ation, we impose a trapezoidal discretization of the continuous-time dynamics:

1

Xiy1 = X; + 3 (Vi + vig1) At, (16)
1

Vigl = Vi + 3 (a; +a;41) At, (17)

forall: =0,..., N — 2, together with boundary conditions
Xo = X, XN_1 = Xg. (18)
Safety constraints (collision avoidance with clearance). We enforce obstacle clearance using

the SDF:
SDF(x;) > dcir, Vi, (19)

where d., is the required clearance. To reduce the risk of cutting corners between nodes, we addi-
tionally check a small number of interior samples along each segment. Let

Xk = (1 —ag)x; + apXita, ai € (0,1), (20)

then we impose
SDF(x; %) > der, Vi, Vk, (21)
which empirically provides a strong safety margin while keeping computation efficient.
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Dynamic limits. We impose pointwise bounds on airspeed, acceleration, and thrust magnitude:

||Va,iH < Vmax, Haz” < Gmax, ||Tz|| < Thaxs Vi, (22)
where v, ; = v; — w(x;) is the air-relative velocity (airspeed) accounting for the local wind field
w(x;). The thrust vector T; is determined by the dynamics and aerodynamics defined in Section
These constraints ensure that the optimized trajectory is not only collision-free but also executable
by the UAV within its physical actuator capability.

B.4 NUMERICAL SOLUTION

The resulting problem is a nonlinear program (NLP) with a nonlinear objective and constraints due
to the wind-coupled aerodynamics and the SDF-based collision constraints. We solve this NLP
using a gradient-based interior-point solver IPOPT. In practice, the quality of the solution depends
on initialization because the optimization landscape is non-convex. We therefore adopt a multi-start
strategy: multiple RRT runs provide diverse feasible initial paths, each of which is refined by the
trajectory optimizer. The final output is selected as the lowest-energy solution among the optimized
candidates. This procedure yields robust performance in complex urban scenes while enabling the
planner to systematically exploit wind structures to reduce energy expenditure.

B.5 WIND-AWARE VS. WIND-AGNOSTIC BASELINES
To quantify the benefit of incorporating predicted wind, we report two variants of the pipeline:

* Wind-aware planning: the optimizer uses w(x) when computing air-relative velocity,
drag, thrust, and power.

» Wind-agnostic planning: the optimizer assumes w(x) = 0 during optimization.

For fair comparison, both solutions are evaluated under the same wind field during energy compu-
tation.

C STATISTICAL CHARACTERISTICS OF TRAJECTORIES

The table below presents the specific statistical values for the data shown in Figure

Table 1: Quantitative comparison of flight characteristics under different wind conditions. Results
are averaged over 256 test missions. Base: wind-agnostic baseline; CFD: high-fidelity CFD; FNO:
Al-predicted wind. All energy savings are calculated relative to the wind-agnostic baseline.

Energy Savings (%)  Mean Altitude (m) Mean Speed (m/s)

Condition CFD FNO Base CFD FNO Base CFD FNO
Tailwind 114 10.3 699 1245 1254 135 162 163
Headwind 99 7.7 709  61.1 60.0 135 129 130
Crosswind 4.9 3.9 70.0 80.1 82.6 13.5 13.8 13.8

D MODEL ARCHITECTURE

The 3D neural operator architecture is based on the existing FNO framework, where each block
consists of a skip connection in parallel with a Fourier layer followed by a feedforward network.
To enhance feature representation, the feedforward component utilizes a gated MLP architecture
rather than a standard MLP. A critical design for accurate wind field prediction is the global geom-
etry encoding, which is computed before the spatial 3D patch-wise training. This encoding utilizes
multi-directional distance features that represent the distance from each spatial point to the nearest
obstacle across a dense set of angles. Compared to a standard signed distance function, these fea-
tures explicitly capture obstacle orientation and bearing, providing a more informative geometric
representation that facilitates the learning of direction-dependent structures. More details can be
found in the literature (Qin et al., [2025)).
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