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Abstract

Autonomous aerial robots must operate in cluttered, wind-
disturbed environments where turbulence and gusts gener-
ated by wind-object and terrain interactions—introduce sig-
nificant aerodynamic risks, including orientation instabil-
ity, sensor degradation, control drift, and increased power
consumption, often leading to mission failure or crash. We
present Graphlets-based Zero-Shot Planning Framework
(GZS), a novel, non parametric, fast computation, memory-
efficient, zero-shot training-free onboard inference frame-
work for real-time 3D spatial-aware aerodynamic risk per-
ception that operates without prior scene knowledge. GZS dy-
namically classifies point clouds to extract local topology, in-
corporates physics-informed modeling of wind interactions,
and applies attention-guided segment matching to generate
onboard 3D representations of wind-induced aerodynamic
risk. It transforms unstructured scene segments into struc-
tured graphlets topologies encoding aerodynamic risk-aware
features, enabling UAVs to identify and navigate through
regions of minimal aerodynamic hazard in real time and
without prior training in any environment. Unlike computa-
tional fluid dynamics (CFD)-based, deep learning, or map-
dependent approaches, GZS performs zero-shot aerodynamic
risk estimation in previously unseen and dynamic conditions.
Extensive experiments demonstrate 90-95% accurate aero-
dynamic risk zone identification compared to conventional
methods of CFDs and wind tunnels, while substantially re-
ducing computational and memory overhead and, a 100%
success rate in creating onboard 3d spatial-aware risk per-
ceptions. Our results establish of GZS as a framework for a
zero-shot, non-parametric, robust, aerodynamic risk percep-
tion for autonomous real-time trajectory planning in wind-
affected aerial environments.

Introduction

Autonomous unmanned aerial vehicles (UAVs) navigating
wind-disturbed environments face critical challenges in pre-
dicting aerodynamic risks such as turbulence, gust-induced
drift, and control instability—factors essential for safe flight.
Figure 1 illustrates how wind-object interactions create un-
predictable disturbances that complicate trajectory planning.
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Figure 1: Illustrative scenario: A UAV must autonomously

reach a goal (green dot) while avoiding wind-induced turbu-
lence and minimizing energy and mission time.

Destination

In such environments, UAVs must balance energy effi-
ciency, flight stability, and time constraints while planning
paths resilient to aerodynamic hazards (Xu and Dai 2024;
Yacef et al. 2020; Zhang et al. 2024; Moon et al. 2023;
Selecky et al. 2025). This demands interpretable, fast, and
adaptive aerodynamic risk-aware planning. The spatiotem-
poral variability of urban wind flows, compounded by ge-
ometric discontinuities (e.g., edges, corners, alleys), often
results in highly localized aerodynamic behaviors that must
be rapidly recognized and avoided.

We propose the Graphlets-based Zero-Shot Plan-
ning (GZS) framework: a high-speed, lightweight, non-
parametric, zero-shot, training-free onboard inference sys-
tem for a real-time aerodynamic risk perception for UAVs’
intelligent trajectory planners (Shrivastava et al. 2025).
GZS hierarchically segments 3D point clouds, encodes
spatial and topological relationships into graphlets, and
matches these against a precomputed library using the We-
isfeiler—Lehman (WL) graph kernel (Shervashidze et al.
2011). Graphlets are central to the framework, captur-
ing heterogeneous edge types and inter-segment dependen-
cies—features poorly represented in point-wise or voxelized
models. This abstraction allows aerodynamic risk infer-
ence to be guided by recurring flow-structure motifs ob-
served across geometries, supporting generalization without
retraining or supervision.

Unlike Computational Fluid Dynamics (Wang et al. 2024)
modelling or parametric approaches, GZS uses zero-shot,
training-free onboard inference, geometry-driven reasoning,
and confidence-based graph matching to generalize across
unseen scenarios. It incorporates physically motivated de-
scriptors such as flow separation zones, pressure drops,



and vortex signatures into the structural graph segments.
A built-in attention mechanism further enhances aerody-
namic risk awareness by prioritizing high-uncertainty seg-
ments while flying. The modular architecture of GZS allows
efficient integration with onboard sensing and motion plan-
ning pipelines, operating in real time under edge constraints.

These capabilities make GZS well-suited for UAV de-
ployment in complex, wind-impacted domains such as urban
canyons and disaster zones. The next section surveys rele-
vant work in 3D segmentation, graph reasoning, and wind-
aware planning to contextualize our contributions.

Related Work

Reliable UAV navigation in wind-disturbed, unstructured
environments requires robust perception, aerodynamic risk
modeling, and uncertainty-aware planning. Existing meth-
ods often fail to meet the combined demands of gener-
alizability, interpretability, and onboard efficiency neces-
sary for edge-constrained UAVs. Traditional 3D segmenta-
tion methods such as region growing, RANSAC, and DB-
SCAN perform well in structured settings but struggle with
irregular geometries and variable point densities (Papon et
al. 2013; Rusu and Cousins 2011). Graph-based segmenta-
tion improves structural consistency via topological mod-
eling (Zheng et al. 2018) yet typically lacks aerodynamic
awareness or support for real-time planning.

Deep learning models like PointNet (Qi et al. 2017a),
PointNet++ (Qi et al. 2017b), DGCNN (Wang et al. 2018),
and RandLA-Net (Hu et al. 2020) achieve high segmen-
tation accuracy by learning from raw point clouds. How-
ever, their computational overhead, data leak, and depen-
dence on large, annotated datasets hinder real-time deploy-
ment on UAVs (Guo et al. 2021). Similarly, CFD simula-
tions provide detailed aerodynamic analysis (Oettershagen
et al. 2017) but remain too resource-intensive for onboard,
real-time use. Graph Convolutional Networks (GCNs) have
shown promise for encoding spatial relationships in path
planning and multi-agent coordination (Jeong 2024). Yet,
these methods generally operate in static or adversarial envi-
ronments and overlook dynamic wind-induced risks. Classi-
cal and modern path-finding algorithms such as A* (Zhang
and Liu 2020) and other advanced variants (Shrivastava et al.
2025) remain efficient and widely used but rarely account for
environmental disturbances. Wind-aware path planning ap-
proaches (Thanellas 2019; Xu and Dai 2024) have emerged,
though they often rely on simplified or static wind models
and lack integration with scene perception or real-time tur-
bulence response. The Weisfeiler—-Lehman (WL) graph ker-
nel (Shervashidze et al. 2011) is effective for structural graph
comparison but has seen limited use in UAV pipelines, espe-
cially for aerodynamic reasoning.

In contrast, our GZS framework combines unsuper-
vised segmentation, graphlets encoding, and non-parametric
topology-driven matching, resulting in a zero-shot train-
ing free onboard inference pipeline. This design enables
fast, memory-optimized, interpretable, and adaptive aero-
dynamic risk estimation essential for real-time, wind-aware
UAV planning without relying on learned models or heavy
computation.
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Figure 2: Flow simulation shows wind striking Object 1,
causing separation and bifurcation toward Object 2. This in-
duces Venturi acceleration, pressure drop, and a von Karmén
vortex street (red: positive, blue: negative vorticity), with
wake turbulence from unsteady shedding (Matsumoto 1999;
Basara et al. 1997; Mishra and De 2021).

Reliable UAV navigation in cluttered, wind-affected envi-
ronments requires awareness of aerodynamic disruptions
from surrounding structures (Sudrez-Vazquez et al. 2025).
Buildings and terrain cause flow separation (Liu et al. 2024),
leading to Venturi acceleration and vortex shedding, forming
high-risk zones (Figure 2). GZS models these effects in real
time using simplified fluid dynamics for pressure drop and
vorticity.

* Venturi Effect:

1

P = Pl (vfef—v2) (1)
P is the pressure difference (Pa) from local wind acceler-
ation or constriction, p is air density, v is the reference
wind speed, and v is the local wind speed. This pressure
drop reflects the Venturi effect caused by flow constric-
tion near obstacles (Scheaua 2016). To ensure physical
plausibility, velocity  is corrected for incompressibility
via FFT-based Helmholtz decomposition, enforcing mass
conservation and avoiding unrealistic divergence in the
flow(Miyauchi et al. 2025).
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@ quantifies rotational flow from velocity components
U,V,W. These velocities are divergence-free, ensured
by FFT-based spectral correction, providing consistent
wake and vortex modeling (Bastankhah et al. 2020). This
enables accurate capture of vortex shedding and turbulent
wake structures important for UAVs’ aerodynamic risk
assessment and internal mapping for autonomous navi-
gation.

These principles underpin GZS’s real-time, zero-shot,
training-free onboard inference aerodynamic risk model for
intelligent trajectory planning, embedding pressure, vortic-
ity, and FFT-corrected velocity fields to capture key flow
dynamics around obstacles. This approach allows UAVs to
anticipate wakes, constrictions, and separations efficiently,
without costly CFD simulations.
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Figure 3: Overview of the GZS framework for real-time, zero-shot, training-free onboard inference for 3D spatial-aware aerody-
namic risk perception, resulting in a 3D risk map containing aerodynamic risk perception values LiDAR scanned environment.

Methodology

To enable non-parametric, zero-shot, training-free onboard
inference without prior area pre-mapping, the GZS lever-
ages wind estimates obtained through IMU-Kalman filter
fusion (Caron et al. 2006); Figure 3 depicts the architecture
of the proposed framework. The diagram represents the data
flow and computation for N objects. However for simplicity,
we will discuss a single object forming a parallelogram-like
shape (L1 in Figure 3).

UAVs’ Perception in the Environment

UAV-mounted 3D LiDAR captures nearby objects and gen-
erates real-time classified point clouds. These are voxelized
using a probabilistic OctoMap with Bayesian updates (Hor-
nung et al. 2013; Elfes 1989), filtered for noise (Hornung
et al. 2013), and clustered into object sets. The refined map
feeds into Layer-1 (L.1) for segmentation and geometric pre-
processing (Figure 3).

Segmentation and Pre-Processing (Layer-1[1.1]):

We convert object sets into structured segments to facilitate
graphlets-based analysis. This pre-processing pipeline per-
forms segmentation based on local geometric features such
as heading angle variation, curvature, and spatial continuity.

* Segmentation via Direction Change. We compute the
heading angle 6 between consecutive voxelized points
and detect segment boundaries from direction changes.

* Heading Angle (9): For each point P; = (z;,y;) ina2D
or projected 3D sequence, we compute the heading angle
to the next point as:

0, = tan~* Yit1 —Yi 3)
Ti41 — X4
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This yields the local direction of movement between
points.

» Angle Difference (A6): The directional change between

heading angles (Equation 3) is defined as:
Ab; = [0i11 — 6] “

A new segment is initiated when Af; > 7, where T is an
angular threshold.

* Graph-Segment Construction. Each segment is con-

verted into a graph G = (V, E') where:

— V: Nodes represent individual points within the seg-
ment.

— FE': Edges are formed based on sequential order or spa-
tial proximity.

This graph captures the local topological structure of the

segment.

* Curvature Computation. After constructing a graph-

segment, the geometric curvature x of a segment(s;) is
estimated by averaging the angular differences between
consecutive vectors:
1
Ki = Z cos 1 (B; - Dit1), Q)
=1

where 9; is the normalized vector between points ¢ and
i+ 1, and N is the number of point pairs. Higher cur-
vature values indicate sharper turns. This computation

serves as a key feature for calculating the confidence
score of the dot product embedding filter in L2.

¢ Graph Embedding. For efficient comparison, each seg-

ment graph G = (V, E) is embedded into a fixed-length
feature vector:

(6)

€= [,u'd7 0d; ,u57’/‘:i]



= deg(v) is the degree of node v € V,

Here, d,
L d, is the average node degree, and

fa =
o4 = \/ 177 2vev (do — pta)? denotes the standard de-

V] £wveV

viation of node degrees. The Euclidean distance between
points p;,p; € V is given by d;; = ||p; — p;||, and
the average pairwise distance among all nodes is p5 =
W ij di;, which is used to compute the con-
fidence score of the dot product embedding filter in L2.
Finally, x; denotes the curvature of the formed segments
(Eq. 5). This embedding acts as a coarse structural de-
scriptor and filtering layer before applying the full graph
kernel.

Output. Outputs include graph-structured segments
from unstructured points, geometric metadata, and em-
bedding vectors €. This structured representation enables
zero-shot reasoning without training, using direct geo-
metric features and fast similarity filtering.

Structural Matching (Graph Similarity) (Layer-2
[L2])

Following the transfer of output from L1, L2 builds on the
output of L1 by using the structural matching between N
graph segments of layer-2 (L2):

¢ Graph Normalization and Node Labeling. Segment
graphs are normalized for compatibility with graph ker-
nel methods (Siglidis et al. 2020). Each node v; is labeled
by the average Euclidean distance to its neighbors:

1')I 2

IN(0)]
JEN(3)

where N () is the neighboring nodes of node v;, and Z;
is its 3D spatial coordinate.

Segment Matching with Dot Product Filtering and
WL Kernel. To efficiently narrow the candidate graph
segments for comparison, we apply a fast dot product fil-
ter over the segment embedding vectors €;:

Label(v;) = 7

®)

retaining only the top-k segment pairs with the highest
similarity.

Next, for these top-k candidates, we compute the We-
isfeiler—Lehman (WL) subtree kernel similarity using
the GraKeL library (Siglidis et al. 2020), following the
method by Shervashidze et al. (2011). The normalized
WL kernel similarity between graphs ¢ and j is:

K (i, j)
max (K (4,1), K(j,7))

This combined filtering and matching mechanism signif-
icantly reduces runtime while preserving accurate graph-
based segment correspondence. An example of dot
product embedding filter and WL kernel matching to
understand the mechanism better. Figure 4 is an exam-
ple which uses visuals to interpret the top-k preselection
and WL Kernel matching, where a new segment graph

Simgyy = €; - €5, 1,7 € G,

©))

SimWL =
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Gyew and is compared with stored segments. The most
similar graph (G3) is selected via the WL kernel.
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Figure 4: Graph similarity-based retrieval: The input graph
Giew is compared against stored segments G, Go, G3 us-
ing kernel K (-,-). The highest similarity match Gg is as-
signed to Gpey.

* Segment ID Assignment. After going through the
matching(Equation 9 and Figure 4), if a candidate seg-
ment yields Simyy, > 7, the new segment inherits the ID
of the matched segment; otherwise, it is assigned a new
ID.

Output. The output includes an updated segment ID
map, similarity scores from dot product and WL kernel
matching, and an expanded graph database with new seg-
ment entries, which enables reasoned zero-shot match-
ing. These outputs are transferred to the final layer, layer-
3.

Computing aerodynamic risk perception (Layer-3
[L3])

The output by L2 is carried into this layer (L3) to compute
aerodynamic risk perception for each N graph segments us-
ing topological features of N graph segments derived in ear-
lier layers (L1 and L2).

* Match Frequency Tracking. We compute the frequency
C'(s;) of a segment s; being matched (Equation 9) across
space:

C(s;) = #matches of segment s; (10)

Higher match counts indicate structural recurrence, of-
fering confidence in aerodynamic risk perception.

Venturi-Effect Pressure Drop. Using a simplified
Bernoulli-based model, we compute a pressure differen-
tial P; to represent the potential for acceleration due to
constrictions in geometry:

P; = Bernoulli pressure drops at segment s; (see Eq. 1)

This model shows wind-induced suction effects common
in narrow corridors.

Vorticity. Localized vorticity w is estimated from wind
vector field gradients, measuring rotational turbulence:

w = 3D vorticity ( Eq.2)



* Composite aerodynamic risk Perception. The aerody-
namic risk for each segment s; is computed as:

C(si)

RlSk(Si> = KR; (1 - M

)+alPl+8kl (D
where C'(s;) denotes match frequency tracking (Eq. 10)
connected with Simwy the WL kernel confidence score
(Eq. 9), |P;] is the pressure drop (Eq. 1), and |w| is the
vorticity magnitude (Eq. 2). Scalars « and /3 weight the
aerodynamic terms. Familiar segments with high Simy
are penalized less.

* Output and Use Cases. Computed aerodynamic risk
perceptions are stored in a spatial database to sup-
port intelligent planning, structural risk detection, and
decision-making. These outputs enable real-time, zero-
shot, training-free onboard inference via retrieval-based
matching, without prior training.

Experimental Setup

This section details the experimental setup used to validate
the GZS framework (applicable to all types of UAVs).

City Hall, Philadelphia, U.S.A The Colosseum, Rome, Italy

(a) Meshes used in the high-fidelity simulator for UAV flights
at real-world sites: Avicii Arena, Notre-Dame Cathedral, City
Hall, and Colosseum.

UAV type (X-500) used in
experiments

LiDAR mounted
on UAV (X-500)

(b) LiDAR equipped UAV (left, UAV type and
right, LIDAR mounted).

Figure 5: Experimental setup: (a) 3D mesh reconstructions
used for high-fidelity UAV simulation. (b) LIDAR-mounted
UAV type used in simulation.

We evaluate GZS using a high-fidelity simulator (Koenig
and Howard 2004) and UAV-mounted 3D LiDAR (Baca
et al. 2021) for real-time, zero-shot, training free onboard
inference (Figure 5b). UAVs are controlled via ROS in
simulated environments featuring four architecturally and
aerodynamically diverse landmarks:Philadelphia City Hall
(courtyard), the Colosseum, Avicii Arena, and Notre-Dame
Cathedral (Figure 5a)—reconstructed from 3D map tiles.
These sites are selected for their complex wind interactions,
as documented in prior studies (Mannini et al. 2022; Li et al.
2023; Tavakol et al. 2021). UAVs navigate using GZS with
equal aerodynamic risk weights (o« = 8 = 0.5, Eq. 11) to
balance Venturi and wake effects. Under uniform wind con-
ditions (24 m /s base speed increasing with height (Liu et al.
2025), air density p = 1.225kg m~3, and matching thresh-
old 7 < 95), GZS generates risk maps from 1.19M voxels
and 6789 segments.

Results

We evaluate real-time UAV navigation across using GZS and
without GZS and present the results:
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Figure 6: Maps of four environments showing detected ob-
jects (white), GZS-estimated wind risk (dark to light), and
UAV paths from blue to green. The cyan path uses a con-
strained zero-shot planner (Shrivastava et al. 2025) enhanced
by GZS for risk perception, while the black path is not en-
hanced by GZS. Base wind: 24 m/s (increases with height).

Metaknowledge via GZS delivers real-time, zero-shot,
training-free onboard 3D aerodynamic risk perception,
which augments a constrained zero-shot path planner (Shri-
vastava et al. 2025) by incorporating GZS’s wind dynamics
near objects for safer navigation. As shown in Figure 6, the
GZS-enhanced planner (cyan) selects safer paths than the
baseline (black). Altitude varies from start (blue) to goal
(green): Avicii Arena (5—18m), Notre-Dame (3—25m),
City Hall Courtyard (8—8m), Colosseum (5—13m). Both
paths fly over obstacles based on the planner, but the GZS-
augmented cyan path avoids aerodynamic risk regions.



Models Range: 0 to 25m | Range: 25 to 50m | Range: 50 to 65m
Cp AC, Cp AC, Cp AC,
Target C: Mannini et al. (2022) | 0.82 - 0.925 - 1.1 -
DGCNN (Wang et al. 2018) 0.953 0.133 0.8494 | -0.0756 | 0.951 -0.149
GNN (Wu et al. 2019) 0.966 | 0.146 0.958 0.033 0.9479 | -0.1521
PINN (Raissi er al. 2019) 0.957 0.137 0.965 0.04 0.9192 | -0.1808
PointNet++ (Qi et al. 2017b) 0.963 0.143 0.961 0.036 0.944 -0.156
GZS (our model) 0.931 0.111 0.949 0.024 0.952 -0.148

Table 1: Comparison of predicted C}, and deviation AC}, across height ranges on the Notre-Dame facade: evaluating GZS and
baseline models against target values from Mannini et al. (2022).

Models Range: 66 to 70m Range: 70 to 76m Range: 76 to 80m
Cp Validity Cp Validity Cp Validity
Target (Tavakol et al. 2021; Li et al. 2023) | Highest Cp - Cp < Highest - Lowest Cp -
GNN (Wu et al. 2019) 0.6681 FALSE 0.8973 FALSE 1.1568 FALSE
PINN (Raissi er al. 2019) 0.8533 FALSE 0.8857 FALSE 0.9322 FALSE
DGCNN (Wang et al. 2018) 0.7705 TRUE 0.7060 TRUE 0.6555 TRUE
PointNet++ (Qi et al. 2017b) 1.0852 TRUE 1.0164 TRUE 0.7888 TRUE
GZS (our model) 0.907 TRUE 0.873 TRUE 0.871 TRUE

Table 2: Comparison of C), predictions across height ranges on the Avicii Arena dome: validating GZS and baseline models
against reference patterns from (Tavakol et al. 2021; Li et al. 2023).

GZS Performance Evaluation

To validate GZS’s real-time, non-parametric, zero-shot,
training-free inference framework for UAVs, we compare it
against state-of-the-art physics-aware deep learning models
trained for 1500 epochs on voxel coordinates and segment
IDs from four sites (Figure 5a). All models predict the pres-
sure coefficient and are evaluated against benchmark studies.

GZS’s Performance Evaluation in Complex Geometric
Environment: Mannini et al. (2022) provides detailed
wind-induced pressure data on Notre-Dame Cathedral’s fa-
cade from wind tunnel and CFD studies, serving as ground
truth for performance evaluation of GZS and state-of-the-art
models (DGCNN, GNN, PINN, PointNet++) on accuracy of
C) estimation. Using voxel data (Figures 5a, 5b) with inputs
of topology, position, 24 m/s varying wind (height increases,
so does wind speed), and segment IDs, Table 1 shows GZS
achieves the lowest deviations (AC)) across three height
ranges (0-25 m, 25-75 m, 50-65 m), outperforming all base-
lines. This consistent accuracy confirms GZS’s robustness
in capturing complex wind-structure interactions in zero-
shot, without any prior training and requirement of exten-
sive computational power. Next, we evaluate its validity on
high-curvature structures with more sensitive aerodynamic
responses.

GZS’s Performance Evaluation in Structures of High
Curvature: To assess GZS on high-curvature structures,
we validate its predictions against established CFD and ex-
perimental studies demonstrating complex flow features of
stagnation and separation (Li et al. 2023; Tavakol et al.
2021).
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Figure 7: Mean pressure coefficient (C),) predicted by GZS
over Avicii Arena’s dome (66—80m) under 24 m/s inflow.
Red line: C), profile; blue dots: voxel-level C), from LiDAR
data.

Using our UAV-based system (Figures 5a, 5b), we cap-
ture full 360° surface pressure data across dome heights
(66-70m, 70-76 m, 76-80 m) under 24 m/s varying wind
(Figure 7). This comprehensive circumferential sampling is
essential, as C), varies significantly around curved struc-
tures, not solely on the wind-facing side. Table 2 shows that
only GZS, DGCNN, and PointNet++ accurately reproduce
the expected vertical C,, distribution, high near the base,
moderate mid-height, and low at the top, due to their abil-
ity to model local geometry and spatial relationships. GNN
and PINN fail to capture these trends and are invalidated.
This establishes GZS as a fast, reliable, real-time method for



full 360° aerodynamic pressure mapping on complex curved
geometries, bypassing costly training required simulations.

Segmentation quality test: High-quality segmentation is
critical for GZS’s zero-shot, training-free onboard inference
of 3D spatial-aware aerodynamic risk perception and trajec-
tory planning. We evaluate clustering fidelity using Normal-
ized Mutual Information (NMI) (Strehl and Ghosh 2002),
Adjusted Rand Index (ARI) (Hubert and Arabie 1985), and
Graph Edit Distance (GED) (Bunke 1998). GZS is bench-
marked against DGCNN (Wang et al. 2018), GNN (Kipf &
Welling 2017), and PINN; PointNet++ (Qi et al. 2017) is
excluded due to its implicit structure and complex neigh-
bor heuristics. All models are retrained for 1000 epochs on
1.19M-voxel data across four sites (Figure 5a).

¢ ARI (Adjusted Rand Index) (Hubert and Arabie 1985):
Evaluates clustering similarity by comparing pairwise
label agreements. Higher ARI implies closer alignment
with ground truth.

e NMI (Normalized Mutual Information) (Strehl and
Ghosh 2002) measures shared information between pre-
dicted and true clusters (scaled to O—1, with 1 indicating
a perfect match).

* GED (Graph Edit Distance) (Bunke 1998): Quantifies
structural similarity as the minimal cost to transform one
graph into another. Lower GED indicates higher fidelity.

The comparison reported at Tables 3 and 4 is the average
of ARI and NMI across all four locations versus state-of-

the-art segmentation models:

Models approach Mean ARI | Mean NMI
PINN (Raissi er al. 2019) 0.0331 0.405
GNN (Wu et al. 2019) 0.0234 0.377
DGCNN (Wang et al. 2018) 0.0398 0.332
GZS 1 1

Table 3: Mean performance of the four locations(Figure 5a)
Graph-Segments creation comparison.

Method GED
DGCNN (Wang et al. 2018) | 1328
GNN (Wu et al. 2019) 1488
PINN (Raissi er al. 2019) 1023
GZS (Ours) 1

Table 4: Mean performance of the four locations(Figure 5a)
Graph Edit Distances (GED) comparison.

GZS achieves perfect ARI and NMI scores of 1 and a min-
imal GED of 1 (Tables 3 and 4), indicating exact matches
with ground truth segmentation and graph structures. This
stems from GZS’s deterministic segmentation using robust
geometric encoding and top-k preselection, enabling pre-
cise, consistent voxel partitioning without training. Unlike
deep learning models prone to over/underfitting, GZS di-
rectly exploits geometric and topological features, ensur-
ing reliable cluster assignments and graph connectivity with

18546

minimal edits. This consistency is vital for real-time UAV
aerodynamic risk assessment, avoiding costly retraining.
Compared to expensive CFD or wind tunnel methods (Li
et al. 2023; Tavakol et al. 2021; Mannini et al. 2022), GZS
delivers fast, aerodynamic risk-aware pressure estimates via
geometric encoding (Egs. 1-9) and C), scoring. Benchmark-
ing without top-k pre-selection highlights its key role in seg-
mentation accuracy during dynamic UAV operations.

Space and Time Complexity Analysis

Location GZS + Segment Matching | GZS

Notre-Dame 0.0223 17.71

Avicii Arena 0.0347 47.385
Colosseum 0.0321 20.94
City Hall 0.0287 29

Table 5: Processing time (in seconds) with and without seg-
ment matching across four landmark locations.

Model Memory Usage
DGCNN 70-130MB
PointNet++ | 100MB - 1.0GB
GNN 1.0+GB
PINN 1.5+GB
GZS (Ours) 0.186MB

Table 6: Approximate peak memory usage during inference
for baseline models on all four environments.

GZS offers superior performance in both time and mem-
ory on any system with ARM SoCs >4 cores, 1.8,GHz;
>2,GB RAM. With segment matching, it achieves nearly
790 x speedup, completing full-site processing in under
0.04s (Table 5). Its memory footprint is just 0.186 MB
for 5,568 segments—orders of magnitude smaller than
baseline models (Table 6): DGCNN (~70-130 MB) (Wang
et al. 2018), PointNet++ (up to 1.0GB) (Qi et al. 2017),
GNNs (~1.0+GB) (Velickovi¢ et al. 2018), PINNs (1.5—
3.0GB) (Raissi et al. 2017), and potentially CFD simula-
tions with heavy memory usage (Ferreira et al. 2015). This
efficiency enables real-time, training-free inference onboard
UAVs of the GZS framework.

Conclusion

This work presents GZS, a geometry-based, real-time, zero-
shot, training-free onboard inference framework for aero-
dynamic risk perception for intelligent UAV navigation in
unstructured wind fields. Unlike CFD, learning-based, or
empirical approaches, GZS approximates aerodynamic pres-
sure via a compact (0.186 MB for 5568 segments), memory-
efficient segment matching algorithm. It achieves superior
accuracy and computational efficiency, enabling determinis-
tic, low-latency decisions suitable for onboard deployment.
Future work includes decentralized multi-UAV coordination
and hardware-in-the-loop testing in turbulent environments.
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