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17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

Preface
On behalf of the Local Organizing Committee, it is our pleasure to present the proceedings of the 17th International Micro
Air Vehicle Conference and Competition, which was held in Strasbourg, France from September 21-25, 2026.
This year, IMAV was supported by INSA Strasbourg and the ICube laboratory. Organized in coordination with the SIS67
fire department and the 2nd Hussard Regiment, this edition focused on managing rescue operations in fire conditions. We
extend our warm thanks to all sponsors and organizers for making the event possible.

These proceedings are available to the public as open-access publications, seeking to promote and contribute to the
advancement of the state-of-the-art in the area of small flying robots and their applications for the benefit of society.

The IMAV is a pioneering scientific-technological event in the field of aerial robotics and has been established as the
primary event for the communities of researchers dedicated to the study, development, and research of Micro Air Vehicles.
By participating in authentic competition scenarios, encompassing indoor and outdoor environments, as well as presenting
innovative solutions via conference papers, the boundaries of research in the field of Micro Air Vehicles (MAVs) are con-
tinuously pushed forward.

These proceedings contain twenty-five peer-reviewed scientific papers by eighty-seven authors organized in eight ses-
sions presented at the IMAV in 2026. The topics of these papers contain a nice mix ranging from aerial vehicle design and
energy sources to control, navigation and perception. Together, the papers give an overview of the current state-of-the-art
in the field of Micro Air Vehicles.

We would like to express our sincere gratitude for the guidance and support of the nineteen members of the International
Committee from fifteen institutes, who guide IMAV overall. In addition to the presentation of the scientific papers, keynote
talks were delivered by experts in the field, whom we want to thank for their valuable contributions. We also want to thank
the five members of the Local Organizing Committee for their invaluable support in the organization of this IMAV 2026.

Strasbourg, France. September 2026

Renaud Kiefer and Sylvain Durand
General Chair and Conference Chair
INSA Strasbourg & ICube
email: renaud.kiefer@insa-strasbourg.fr, sylvain.durand@insa-strasbourg.fr
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Call for Papers

CALL FOR PAPERS
17TH INTERNATIONAL MICRO AIR VEHICLE CONFERENCE2

0
2
6IM   V

STRASBOURG, FRANCE     |    SEPTEMBER 2026

IMPORTANT DATES
PAPER SUBMISSION DEADLINE

NOTIFICATION OF ACCEPTANCE

FINAL PAPER SUBMISSION

May 15, 2026

June 12, 2026

July 3, 2026

About IMAV

The international Micro Air Vehicle Conference and 
Competition (IMAV) is an annual event combining cutting-edge 
research and drone competitions. It features keynote talks by 
renowned experts and peer-reviewed paper presentations. 

This year's edition will take place at the Institut National des 
Sciences Appliquées de Strasbourg (INSA Strasbourg), in 
Strasbourg, Bas-Rhin, France, on September 21st - 25th, 2026. 

CONFERENCE TOPICS

Low Reynolds number aerodynamics

Propulsion set and new energy sources

Autonomous Drone Racing

Control theory and state estimation

Sense & avoid integration of UAVs in airspace

Reconfiguration in unpredicted events

Characterization of noise emission for MAVs

Unsteady aerodynamics

Smart morphing materials

Autonomous navigation

Cooperation and formation flight

Computer vision for MAVs

New MAV architectures

Low noise and noise mitigation

For all inquiries, please contact: imav2026@insa-strasbourg.fr

Organised by: In coordination with:
Website

2026.imavs.org
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Keynote Speakers

Aerial Robotic Cable-Based Manipulation: Advancements and Emergent Challenges
Prof. Chiara Gabellieri – Assistant Professor in the Robotics and Mechatronics group of the EEMCS Faculty at the
University of Twente, the Netherlands

Abstract

New research directions are emerging in both aerial manipulation of cable-suspended ob-
jects and the control of deformable cables with aerial robots, calling for novel modeling and
control approaches. Beyond the well-studied problem of controlling cable-suspended loads
with multirotor UAVs, recent work—primarily motivated by endurance limitations—is ex-
ploring manipulation using non-stop aerial vehicles. This paradigm introduces the chal-
lenge of achieving accurate control of the load pose while maintaining continuous motion
of the carriers. Moreover, traditional cable models become insufficient when highly dy-
namic tasks are considered or where the cable itself becomes the deformable object to be
shaped and controlled. Developments in this direction enables applications ranging from
highly dynamic pick-and-place of slung loads to the collection of floating debris in water-
ways.

Counter-UAS Challenges and Research Perspectives: Building Sustainable and Adaptive Defense
Architectures
Laurent Barrilliet – Program Director at ONERA1, Versailles, France

Abstract

The rapid proliferation of low-cost, easily accessible drones has transformed the security
and defense landscape. Recent conflicts have demonstrated how unmanned systems can
provide air superiority and long-range strike capabilities at a fraction of the cost of conven-
tional military assets. This asymmetry creates major challenges for Counter-UAS (C-UAS)
systems, which must remain effective, sustainable, and scalable against evolving threats.

Designing efficient C-UAS architectures requires a comprehensive understanding of
drone technologies, their potential evolution, and their impact on detection, information
management, and neutralization capabilities. These architectures must also operate in con-
tested environments characterized by GNSS denial, electronic warfare, operational con-
straints, and regulatory requirements.

Drawing on ONERA’s expertise, instrumented drone fleet, test facilities, and multidis-
ciplinary research laboratories, this presentation reviews key drone threat trends, associated
risks, and ongoing research efforts aimed at reducing vulnerabilities. Operational exam-
ples, including the DIAMOND drone-track fusion algorithm and the SAP system deployed
during the Paris 2024 Olympic Games, illustrate the transition from research to fielded capabilities.

1The French Aerospace Lab ONERA is a leading research organization dedicated to aerospace, defense, and space technologies
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Centimeter-level precision for a large-scale pointillist artwork created by a drone (a world first)
Prof. Jacques Gangloff – Professor at Strasbourg University, France

Abstract

The highlight of the ANR “STRAD” (STReet Art Drone) project was the autonomous cre-
ation in July 2025 of a 5 m x 15 m outdoor mural by an aerial manipulator with centimeter-
level precision. A world first. This achievement is the result of a four-year collaboration
by a unique consortium comprising the ICube laboratory in Strasbourg, the Gipsa-lab in
Grenoble, the company Polyvionics in Paris, and the Spacejunk association in Grenoble,
which organizes Europe’s largest street art festival, the “Street Art Fest Grenoble Alpes.”
This presentation will tell the story of this unique project at the intersection of science and
art, from its inception to the completion of the final mural as part of the Street Art Fest
2025.

The quest for never-landing drones. From hydrogen to wind gradients
Prof. Jean-Marc Moschetta – Professor of Aerodynamics at ISAE-SUPAERO, Toulouse, France

Abstract

Fixed-wing drones powered by an electric motor can only achieve limited flight times due
to the intrinsically low energy density of current Lithium batteries. On-board hydrogen
can dramatically extend flight times if properly combined with efficiently designed fuel
cells. Moreover, the use of cryogenic hydrogen can allow for even higher energy den-
sity if the airplane’s consumption is properly adapted to the tank’s natural boil-off rate.
While crossing the Atlantic Ocean (3000 km) with an electric fixed-wing aircraft equipped
with Lithium cells is impossible at any take-off weight, that task is feasible for a liquid
hydrogen-powered drone of less than 15 kg. In addition to that, taking advantage of wind
gradients could further extend the maximum range of drones with the objective of staying
airborne for several days. The presentation will finally discuss the use of a Lidar Doppler
in view of take advantage of atmospheric disturbances.
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Building long-range aerial sensors (Defense and industrial applications,
since 2011)
Bastien Mancini – CEO of DELAIR2, Toulouse, France

Abstract

Delair was founded in 2011 by Michaël de Lagarde, Benjamin Benharrosh, Benjamin
Michel, and Bastien Mancini, and quickly became a pioneer in professional UAV systems.
In 2012, its DT18 became the first drone certified in France for BVLOS (Beyond Visual
Line of Sight) operations, marking a major milestone for the company and the industry.

Over the years, Delair expanded through strategic acquisitions and partnerships, in-
cluding Airware (and its subsidiary Redbird), Gatewing from Trimble, and collaborations
with Intel and international distributors. The company also supplied drones for defense and
surveillance applications, notably in Ukraine, and strengthened its presence in both civilian
and military markets.

More recently, Delair has become a key actor in European defense drone programs,
working with partners such as KNDS and MBDA on loitering munitions and tactical UAVs.
Its systems, including the DT-46 and new hybrid platforms, are now used by French armed
forces and other security actors, reflecting its shift toward high-performance dual-use tech-
nologies and autonomous systems.

Implementing Ultra-Wideband (UWB) Technology in Robot Swarms
Rémi Potet & Antoine Potet – Chief Technology Officers of Dronisos3, Bordeaux, France

Abstract

This presentation examines the integration of Ultra-Wideband (UWB) tech-
nology within robot swarms, outlining its operational capabilities and the
technical phases of implementation. The keynote will address the following
key areas:

• Dynamic Infrastructure: An analysis of the operational viability and
implications of using moving or flying anchors instead of static refer-
ence points.

• UWB Capabilities: An overview of UWB performance specifications
for multi-agent coordination.

• Positioning Techniques: An evaluation of standard UWB localization
architectures, specifically RTDOA, TDOA, and TWR.

• Technical Challenges: A review of obstacles in real-world deploy-
ment, focusing on clock synchronization, multipath mitigation, time-
slot allocation, and error characterization in sensor fusion.

2French company that designs and manufactures professional fixed-wing drones and data solutions for industrial inspection, surveying, and defense
applications

3French company specializing in autonomous drone light shows, developing swarm technologies and large-scale aerial entertainment solutions for
events worldwide
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Best Paper Awards and Special issue
IMAV 2026 awarded best papers in two categories: “Methods & Algorithms” and “Systems & Applications”, based on the
reviewers’ feedback and among a list of relevant, well-written, and well-presented publications. This list below of finalists
for best paper awards is also a shortlist of papers to be published in a Special Issue of Unmanned Systems.

Finalists for the Best Paper Award in Methods & Algorithms

The selected papers are:
[5] Pedro H.M. Souza, Karl Stol, and Ishaq Hafez (Univ. Auckland, New Zealand), “Variable Admittance Control for Ob-
stacle Separation in Aerial Manipulation” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.47
[6] Jakob Harzer, Felix Renard, Kim Polkläser, Dieter Moormann, and Moritz Diehl (Univ. Freiburg & Aachen, Germany),
“Online Wind Field Estimation for Airborne Wind Energy Systems in Circular Flight” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.55
[13] Tomaso M.L. de Ponti, Ewoud J.J. Smeur, and Bart W.D. Remes (TU Delft, The Netherlands), “Actuator Nonlinear
Fault-Tolerant Control of a Fast-Spinning Quadrotor with Loss of Two Opposing Rotors” . . . . . . . . . . . . . . . . . . . . . . . . . p.108

The Best Paper Award for IMAV 2026 in the category “Methods & Algorithms” is:
[13] Tomaso M.L. de Ponti, Ewoud J.J. Smeur, and Bart W.D. Remes (TU Delft, The Netherlands), “Actuator Nonlinear
Fault-Tolerant Control of a Fast-Spinning Quadrotor with Loss of Two Opposing Rotors” . . . . . . . . . . . . . . . . . . . . . . . . . p.108

Finalists for the Best Paper Award in Systems & Applications

The selected papers are:
[2] Dequan Ou, Quentin Missinne, Christophe De Wagter, and Guido C.H.E. de Croon (TU Delft, The Netherlands), “Pre-
cision Home Landing for Bee-Nav Robot Navigation” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.24
[9] Joel Klimont, Jakob Buchsteiner, Alexander Lampalzer, and Radu Grosu (TU Vienna, Austria), “Weitflug: A Research-
Oriented Fork of Betaflight for Agile Autonomous Flight” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.78
[20] Abner Asignacion Jr, and Satoshi Suzuki (Univ. Chiba, Japan), “A Structure-Aware Reactive Motion Planner for Au-
tonomous Nano-UAV Navigation in Confined 3D Tunnels using Minimal Range Sensing” . . . . . . . . . . . . . . . . . . . . . . . . . p.166
[21] Andreas Zwanenburg, Salua Hamaza (TU Delft, The Netherlands), “Downscaling Autonomous Navigation of Tiny
Drones under Dense Forest Canopies” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.173

The Best Paper Award for IMAV 2026 in the category “Systems & Applications” is:
[9] Joel Klimont, Jakob Buchsteiner, Alexander Lampalzer, and Radu Grosu (TU Vienna, Austria), “Weitflug: A Research-
Oriented Fork of Betaflight for Agile Autonomous Flight” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.78
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Pérez, Gaétan . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.134

R
Remes, Bart . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.108
Renard, Felix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.55
Riquelme, Heitor . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .p.100
Robu, Bogdan . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.158
Roelandt, Thomas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.195
Rosa, Paulo. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .p.100
Roussel, Emmanuel . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.63

S
Saraiva, Pedro Antinio Rabelo . . . . . . . . . . . . . . . . . . . . . . p.32
Skinner, Jaap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.126
Smeur, Ewoud . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.108
Sonego, Guilherme . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.32
Souza, Pedro . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.47
Stol, Karl . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.39, p.47, p.126

Strub, Guillaume . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.63
Suzuki, Satoshi . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.166
Swevers, Jan . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .p.195

T
Tayar, Marco . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.32
Tommaselli, Felipe . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.32

V
Vandepitte, Dirk . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.195
Vanpoucke, Jeroen . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.195
Verdoucq, Matthieu . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . p.92
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Rapid Sim-to-Real Reinforcement Learning for
Autonomous Drone Racing

Joel Klimont*, Jakob Buchsteiner, Alexander Lampalzer and Radu Grosu
Technical University of Vienna, Austria

ABSTRACT

Fast sim-to-real iteration is important in au-
tonomous drone racing, where each new track
or vehicle requires adaptation under a strict
wall-clock budget. We present a JAX-based
reinforcement-learning pipeline that trains com-
pact feedforward policies in a massively paral-
lel environment. We identify a compact control-
oriented acro-mode quadrotor model from short
flight logs and randomize its transfer-relevant pa-
rameters. The model captures closed-loop body-
rate and thrust response, battery-voltage effects,
and direction-dependent drag. To suppress bang-
bang control, we regularize action changes and
large commands. Over a four-second rollout,
this reduces the fraction of outputs above 95%
of the maximum action magnitude from 50.0%
to 1.1% while maintaining comparable track
progress. On an NVIDIA GeForce RTX 5070 Ti,
the fastest configuration processes 32 million en-
vironment steps per second. A 96-configuration
study and a 32-seed evaluation show that roll-
out and optimizer choices strongly affect train-
ing reliability within five minutes. Two poli-
cies deployed on the A2RL Season 2 competition
track reached speeds near 20m/s. These results
demonstrate rapid policy training and real-world
transfer using a compact dynamics model.

1 INTRODUCTION

Autonomous drone racing is a demanding benchmark for
agile robotics because it combines high-speed motion, tight
spatial constraints, limited onboard computation, and little
tolerance for control error. The field has progressed from
early academic racing challenges [1–4] to real-world systems
operating above 20m/s [5, 6]. Learning-based controllers
have become competitive when simulation, objectives, and
transfer assumptions are designed together [6–8].

Competition deployment requires fast adaptation. High-
fidelity simulators can reduce model mismatch, but demand
detailed models, greater implementation effort, and more
computation. Compact control-oriented models can be es-
timated from short flight logs and simulated at high through-
put, provided they retain the dynamics that govern transfer.

*Email address(es): joel.klimont@tuwien.ac.at

This trade-off is central to racing, where every new track
requires policy retraining and a new vehicle additionally re-
quires model identification.

We identify a compact control-oriented quadrotor model
from short flight logs and use it for competition-scale policy
training. The policy outputs body-rate and thrust commands
through the acro interface used by racing flight controllers.
The simulator omits motor-level actuation and moment-based
attitude dynamics and instead models the closed-loop re-
sponse from policy commands to vehicle motion. We train
with proximal policy optimization (PPO) [9]; its batched roll-
out and update structure maps well to a massively parallel
JAX implementation [10] and supports stable training un-
der short wall-clock budgets. Because the compact model
omits inner-loop dynamics, the objective penalizes rapid ac-
tion changes and persistently large deterministic commands
that would otherwise produce bang-bang behavior at the de-
ployed interface.

The main contribution is a practical sim-to-real work-
flow that combines short-log model identification, high-
throughput policy training, configuration screening under a
fixed wall-clock budget, and real-world validation. We evalu-
ate 96 training configurations, repeat three representative set-
tings over 32 seeds, quantify the effect of action regulariza-
tion, and deploy two policies on the A2RL Season 2 compe-
tition track at speeds near 20m/s. The training environment
and reported configurations are publicly available.1

2 RELATED WORK

Drone racing stresses perception, estimation, planning,
control, and onboard computation simultaneously [2, 4].
Model-based systems remain strong baselines: model pre-
dictive contouring control optimizes progress under dynamic
constraints [11], while sampling-based methods such as
MPPI perform online trajectory optimization through parallel
rollouts [12]. Our compact model serves a different purpose:
it supports offline policy training and configuration selection,
while deployment requires only a feedforward-network eval-
uation.

Recent reinforcement-learning systems have achieved
highly competitive real-world performance. Swift demon-
strated champion-level racing with simulation-trained poli-
cies and data-driven residual models [7]. Ferede et al. used
domain randomization to transfer a motor-command policy

1Project repository: https://github.com/F-WuTS/
jax-drone-racing-open.
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across substantially different quadrotors [8]. SkyDreamer
and MonoRace address high-speed racing under realistic vi-
sual sensing constraints [5, 6]. We study a complementary
state-based setting in which a deliberately simple simulator
enables very high-throughput policy training while retaining
sufficient fidelity for real-world deployment.

Direct training-time comparisons are difficult because
control interfaces, tasks, hardware, and deployment criteria
differ. Swift reports 108 environment interactions in approx-
imately 50 min on an RTX 3090, followed by a 2 × 107-
interaction fine-tuning stage [7]. Learning to Fly in Seconds
reports direct-RPM trajectory-control transfer after 18 s of
training on a consumer laptop and a Crazyflie nano quadro-
tor [13]. Ferede et al. train each racing-policy variant for 108

steps across 3-inch and 5-inch platforms [8], but do not report
a directly comparable wall-clock time. For broad context,
our (6144, 64, 16, 4) configuration uses 6144 environments,
64 rollout steps, 16 minibatches, and four update epochs.
It generates more than 5 × 109 environment transitions in
five minutes, while the fastest tested configuration reaches
3.2 × 107 transitions per second on an RTX 5070 Ti. These
figures are not a direct speed ranking; we instead ask whether
a competition-scale gate-racing policy can be trained reliably
within five minutes.

The sim-to-real gap remains central at high speed. Errors
in thrust, drag, response delay, battery behavior, and state es-
timation can substantially change closed-loop behavior. Do-
main randomization addresses these errors by training over
a distribution of model and observation parameters [7, 8].
Related identification work highlights thrust curves, aero-
dynamic drag, and actuator dynamics as important for real
flight [14, 15]; we retain these effects in a compact control-
oriented form. Continuous-control policies can also con-
verge to saturated or bang-bang commands [16], and policy-
smoothness regularization can reduce high-frequency actua-
tion on real robots [17]. We apply this idea directly to the
body-rate and thrust interface and evaluate the resulting com-
mand signals.

3 PROBLEM STATEMENT

We train a compact feedforward neural policy for high-
speed autonomous drone racing. The track is represented as
an ordered cyclic sequence of gates

G = {Gi}Ni=1, (1)

where each gate has a pose and aperture radius. For the A2RL
track, the sequence also contains two virtual gates near the
chicane and ladder. In these sections, the next physical gate
alone does not sufficiently constrain the intended route and
permits shortcuts or trajectories that reduce visibility of sub-
sequent gates. The virtual gates use the same transition and
reward logic as physical gates, but do not represent physical
obstacles. A lap is completed after the vehicle traverses the

ordered sequence and crosses the first gate again. The ob-
jective is to minimize lap time while avoiding missed gates,
track-boundary violations, and unsafe flight states.

The learned policy is deliberately track-specific: gate ge-
ometry enters both the observation and reward, so a mate-
rially different layout requires retraining. The short training
budget is intended to make this adaptation practical. We focus
on control learning; perception and state estimation provide
the track-relative policy state but are outside the scope of this
paper.

3.1 Learning Formulation
The real task is partially observable because of estimator

uncertainty, actuation uncertainty, latency, battery variation,
and unmodeled aerodynamics. During training, we approxi-
mate it as a randomized finite-horizon Markov decision pro-
cess with noisy observations. The simulator state is

st = (xt, it, ht, θ), (2)

where xt is the vehicle state, it the target-gate index, ht re-
cent actions, and θ sampled physical parameters. The pol-
icy receives a noisy observation õt, samples an unconstrained
Gaussian action, and applies a hyperbolic tangent,

ât ∼ πϕ(ât | õt),
at = tanh(ât) ∈ [−1, 1]4,

(3)

where at contains normalized roll-rate, pitch-rate, yaw-rate,
and thrust commands. PPO optimizes

J(ϕ) = E

[
H−1∑

t=0

γtrt

]
(4)

over randomized racing episodes.

4 METHODS

We describe the compact simulator, policy interface, re-
ward design, and randomized PPO training setup. The en-
vironment is deliberately simpler than a motor-level quadro-
tor simulator, but retains the closed-loop response effects se-
lected as most relevant for transfer.

4.1 Compact Quadrotor Model
The simulated state contains position, velocity, attitude,

filtered command state, battery voltage, and body rates,

xt = (pt, vt, qt, ut, Vt, ωt). (5)

The bounded policy commands at = tanh(ât) ∈ [−1, 1]4
pass through a first-order response model,

ut = ut−1+α(at−ut−1), α = 1−exp

(
−∆t

τ

)
, (6)

with separate time constants for roll, pitch, yaw, and thrust.
Filtered rate commands are scaled by the identified maximum
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Table 1: Model-identification errors on the chronological val-
idation split. Rate errors are in deg/s and thrust errors in m/s2.

Response τ [ms] RMSE MAE R2

Roll rate 6.7 10.68 7.37 0.994
Pitch rate 12.1 12.94 9.61 0.978
Yaw rate 12.4 6.24 4.33 0.976
Thrust 16.8 0.29 0.16 0.993

body rates and integrated directly into the attitude. The sim-
ulator therefore omits individual motors, moment-based atti-
tude dynamics, propeller aerodynamics, and the internal rate
controller.

Collective thrust is computed from filtered thrust and bat-
tery voltage as

fT = c0 + c1ut,thr + c2u
2
t,thr + c3u

3
t,thr + c4Vt+ c5ut,thrVt.

(7)
The translational dynamics combine thrust, gravity, and aero-
dynamic drag,

ṗt = vt, (8)

v̇t = R(qt)
[
0 0 fT /m

]⊤
+
[
0 0 −g

]⊤
+ fD/m.

(9)

Drag uses an ellipsoid approximation of the vehicle body,
making projected area direction-dependent, and battery volt-
age follows a linear discharge model. The result is a fast
control-oriented approximation whose dominant uncertain
parameters can be randomized during training. The exact
nominal response, thrust, drag, and body-rate parameters are
provided in the project repository.

We identify the model from approximately five min-
utes of manually flown data spanning the battery-discharge
range. After preprocessing, the body-rate dataset contains
40,389 samples and the thrust dataset 339,948 samples. Both
use a chronological 70/30 training-validation split, yielding
28,272/12,117 rate samples and 237,963/101,985 thrust sam-
ples. For each rate axis, bounded nonlinear least squares es-
timates the first-order time constant by minimizing sample-
wise setpoint-response residuals; a constant offset is com-
puted from the mean residual. For thrust, bounded nonlinear
least squares estimates the response time constant, while the
six coefficients in Eq. (7) are solved by linear least squares
for each candidate time constant to minimize body-frame
vertical-acceleration error. Figure 1 compares measured and
predicted body-frame vertical acceleration, and Table 1 re-
ports validation errors. Additional validation plots and the
exact nominal parameters are provided in the project reposi-
tory.

4.2 Observation and Action Interface
On the real system, an EKF fuses IMU data and gate

detections to estimate the vehicle state in the world frame.
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Figure 1: Measured and predicted body-frame vertical accel-
eration on the chronological validation split.

(a) Split-S (b) Ladder

Figure 2: Complex maneuvers on the A2RL Season 2 track.
Color denotes policy speed in meters per second.

The racing environment converts this estimate into current-
gate coordinates, keeping the policy input independent of the
global track frame while preserving the same feature con-
struction in simulation and deployment. The observation is

ot = [pGi
t , vGi

t , ξGi
t , ωGi

t , ut, at−1:t−3, Vt,

dGi
i,i+1, d

Gi
i,i+2],

(10)

where pGi
t and vGi

t denote position and velocity in the cur-
rent gate frame, ξGi

t is relative attitude, ωGi
t are gate-frame

angular rates, ut is the filtered command state, at−1:t−3 are
the previous three actions, Vt is battery voltage, and the final
terms describe the next two gate offsets. Gaussian observa-
tion noise approximates estimator uncertainty during training.

4.3 Gate Passing and Termination
Each gate defines a plane and aperture disk. A pass is

registered only when the drone crosses the plane through the
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disk; crossings outside the disk are missed gates. Episodes
terminate after a missed gate, flight-volume violation, battery
or altitude safety violation, gate timeout, or maximum hori-
zon. We do not add a separate gate-collision penalty beyond
termination and the lost opportunity for further progress,
since preliminary penalties encouraged overly conservative
flight near gates, consistent with Ferede et al. [8].

4.4 Reward and Action Regularization
The task reward combines radial progress toward the ac-

tive gate, a sparse gate-passing bonus, lap-time pressure, al-
titude and timeout penalties, and a distance-weighted gate-
facing term. The latter discourages the vehicle from pointing
away from a nearby gate and improves observability for the
onboard EKF by keeping upcoming gates in view.

To discourage control behavior that exploits omitted
inner-loop dynamics, we penalize temporal changes in con-
secutive squashed sampled actions,

r̃t = rt − λ∆a ∥tanh(ât)− tanh(ât−1)∥22 , (11)

and add an ℓ2 penalty on the squashed deterministic policy
mean,

Lactor = LPPO + λaEt
[
∥tanh(µϕ(ot))∥22

]
. (12)

The first term suppresses rapid command variation; the sec-
ond discourages unnecessarily large mean commands and
persistent saturation. Section 5 evaluates their combined ef-
fect on the deployed command interface.

4.5 Policy Optimization and Reset Distribution
We train PPO in the vectorized JAX environment with in-

dependently randomized initial states, observations, actions,
and dynamics parameters. Actor and critic are feedforward
MLPs with two 64-unit tanh hidden layers. The same ar-
chitecture is used throughout the configuration study, seed
study, and deployment. All reported timing experiments use
an NVIDIA GeForce RTX 5070 Ti with 16 GB of VRAM.

Resets are sampled along a cyclic Catmull-Rom spline
through the start position and gate centers. Position, speed,
direction, and attitude are perturbed, and the target gate is
assigned consistently with sampled progress. This broadens
state-space coverage without requiring the deployed policy to
track the spline. The exact reset and noise parameters are
provided in the project repository.

Physical parameters are randomized independently per
episode,

θsim = θnom ⊙ κ, κi ∼ U(κmin
i , κmax

i ). (13)

Table 2 lists the randomized parameters. The distribution
is intentionally low-dimensional and focuses on effects that
strongly influence the closed-loop response. Mass and gravity
remain fixed because mass is largely confounded with thrust
scale through fT /m, while gravity is known accurately.

Table 2: Domain-randomized model parameters. Scale fac-
tors are sampled independently per episode.

Parameter Randomization Description

τϕ, τθ, τψ , τT U(0.8, 1.2) Command-response time
constants

ωxmax, ω
y
max, ω

z
max U(0.8, 1.2) Maximum body rates

sT U(0.8, 1.2) Thrust-output scale
CD U(0.8, 1.2) Drag scale

5 EVALUATION

We evaluate the workflow in four steps. First, we compare
rollout and optimizer settings under the five-minute budget.
We then test repeatability across seeds and quantify the ef-
fect of action regularization. Finally, we examine real-world
transfer and where the compact model remains informative
despite its simplifications.

The track includes the split-S and ladder shown in Fig-
ure 2. The split-S combines a large heading reversal with
vertically separated gate passages, while the ladder requires
rapid altitude changes without sacrificing forward speed. We
use passage of these elements as intermediate training mile-
stones.

5.1 Five-Minute Training-Configuration Study
Figure 3 summarizes a 96-run study over 12 combinations

of parallel-environment count and rollout length. The tested
environment counts are 2048, 4096, 6144, 8192, 10240, and
12288; the rollout lengths are 64, 128, 256, and 512 steps.
The project repository lists the exact pairings. Each rollout
configuration is combined with 8, 16, 32, or 64 minibatches
and either four or six optimizer epochs, while the model, net-
work, reward, and nominal five-minute target remain fixed.
The complete offline configuration study totals 480 nominal
GPU-minutes when run sequentially and is not part of the
per-track deployment cost.

The timed interval begins with the first JAX training
call and includes compilation, rollout collection, PPO up-
dates, and snapshot capture. Setup occurs beforehand; bench-
marks, host logging, checkpoint serialization, and export oc-
cur afterward. The fastest configuration reaches 32 mil-
lion environment steps per second on the RTX 5070 Ti,
but does not achieve the highest lap-completion rate. Some
lower-throughput configurations learn faster and more reli-
ably within the same budget, showing that rollout length,
batch structure, and update allocation matter at least as much
as raw simulation speed.

Snapshots are evaluated with fixed-start and random-start
benchmarks using 256 agents in the configuration study and
512 in the seed study. Each benchmark includes one nom-
inal model, while the remaining agents independently sam-
ple all randomized model parameters; observation and ac-
tion noise are disabled. Rollouts last at most 1000 steps, or
10 s at 100 Hz. We call a policy deployment-ready when at
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Figure 3: Training-configuration study over 96 PPO settings with a nominal five-minute target per run. Curves show median
episode reward. Deferred domain-randomized benchmarks provide the track-section markers; stars identify snapshots selected
by fixed-start lap completion. The six configurations with the highest fixed-start lap-completion rates are highlighted.

least 95% of fixed-start agents complete a lap. Figure 3 also
marks the first snapshot for which at least 10% of random-
start agents pass each indicated track section.

Several settings meet the 95% criterion within five min-
utes, whereas others make only partial progress or remain
unreliable. After selecting a configuration through this of-
fline study, the intended workflow uses a single nominal five-
minute training run for a new track.

5.2 Stability Across Seeds
We repeat three configurations with 32 seeds each. Fig-

ure 4 shows that 8192× 128 and 10240× 64 learn faster and
more reliably, whereas the failure-prone 4096 × 256 setting
reaches the 95% criterion in only about 10% of seeds. The
stronger results therefore do not depend on an isolated favor-
able seed.

5.3 Effect of Action Regularization
We compare weak and strong action regularization to as-

sess whether the deployment-oriented objective suppresses
bang-bang commands at the body-rate/thrust interface. Fig-
ure 6 shows the normalized policy outputs over the first four
seconds of deterministic fixed-start rollouts. Both policies use
the same model, seed, rollout configuration, and optimizer
settings; only the action-delta, action-magnitude, and entropy

coefficients differ.
The weak setting uses λ∆a = 0.001, λa = 0, and en-

tropy coefficient 10−3; the strong setting uses λ∆a = 0.25,
λa = 0.15, and entropy coefficient 2.5 × 10−5. The weakly
regularized policy repeatedly switches between large com-
mands, whereas the strongly regularized policy avoids rapid
switching and persistent saturation. Over the four-second
interval, the mean ∥at − at−1∥22 decreases from 4.237 to
0.00897, and the fraction of commands near saturation, de-
fined by |at,j | > 0.95, decreases from 50.00% to 1.06%.
This comparison evaluates the complete regularization setting
rather than the contribution of each coefficient in isolation.

5.4 Real-World Racing Performance

We deploy deterministic mean policies using the same
state construction and body-rate/thrust interface as in train-
ing. The real system uses Weitflug, a research-oriented fork
of Betaflight for agile autonomous flight [18]. The simulated
trajectory in Figure 5 uses the noise-free simulator state; the
real trajectory is reconstructed from the onboard EKF esti-
mate recorded during competition. The policy and simulator
run at 100 Hz. The EKF propagates IMU measurements at
1 kHz and uses camera-based gate observations for correc-
tion.
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Figure 4: Seed-replication study for three representative PPO
configurations. Curves and shaded quantile bands summa-
rize median episode reward over 32 seeds per configuration;
markers indicate benchmark track-section milestones.

The two policies with the highest fixed-start success rates
were deployed in the Silver Cup finals. Each completed an
uninterrupted two-lap run, one during a multi-drone race and
the other during a timed race, with lap times agreeing within
0.1 s. The controller finished eight of ten race entries and won
the Multi-Drone Silver Race [19]. The competition’s VTX
timing system recorded a best lap of 7.799 s, and the onboard
EKF estimated a peak speed of approximately 20m/s. The
best human and autonomous laps on the same course were
6.283 s and 5.925 s, respectively.

As shown in Figure 5, the nominal and real racing lines
agree well, with the largest deviation near the chicane. Dur-
ing this tight turn, the drone briefly points away from the next
gate, reducing gate visibility and coinciding with a correc-
tion in the estimated trajectory. This behavior supports the
distance-weighted gate-facing reward: progress alone is in-
sufficient when the estimator loses informative visual refer-
ences at critical track sections.

5.5 Model Adequacy and Transfer

This analysis evaluates robustness around the target vehi-
cle and A2RL layout. The policy is track-specific, so a new
layout requires retraining; a new vehicle also requires model
identification. The five-minute workflow keeps this adapta-
tion fast.

The largest sim-to-real mismatch occurs at the chicane
in Figure 5. High speed, rapid direction changes, and
reduced gate visibility make this section especially sensi-
tive. In Figure 7, the randomized trajectories spread most
strongly around the same sections, indicating that the com-
pact simulator reveals transfer-sensitive regions despite omit-
ting actuator-level dynamics.

The Catmull-Rom spline defines the reset distribution
rather than a reference trajectory. The learned trajectories de-
part from it, especially around the ladder, showing that the
spline broadens state coverage without imposing path follow-
ing.
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Figure 5: Top-down trajectory comparison for the same pol-
icy in nominal simulation and real flight. Color denotes
speed; the real trajectory is reconstructed from the onboard
EKF estimate.
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6 CONCLUSION

We presented a rapid sim-to-real workflow for au-
tonomous drone racing using a compact body-rate/thrust
model identified from short flight logs and massively paral-
lel PPO in JAX. The fastest configuration reaches 32 million
environment steps per second on an RTX 5070 Ti, but the 96-
setting study and 32-seed analysis show that throughput alone
does not determine learning quality under a five-minute bud-
get. A matched comparison visibly suppresses rapid switch-
ing and reduces the fraction of commands near saturation, de-
fined by |at,j | > 0.95, from 50.00% to 1.06%. Two selected
policies transferred to the real drone, completed uninterrupted
two-lap runs, and reached speeds near 20m/s.

The policy is optimized for a specified track: a new layout
requires retraining, and a new platform also requires model
re-identification. The current experiments therefore validate
rapid adaptation for one vehicle and track, not cross-track or
cross-platform generalization. The action comparison also
changes the action-delta, action-magnitude, and entropy co-
efficients together. Future work will separate these effects,
study the trade-off between model fidelity and training speed,
and repeat the complete workflow across additional tracks
and platforms.
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Precision Home Landing for Bee-Nav Robot Navigation
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Micro Air Vehicle Laboratory, Control and Operations, Delft University of Technology, The Netherlands

ABSTRACT

Small flying robots are an attractive platform for
tasks such as greenhouse monitoring, warehouse
inventory, and last-mile delivery. However, for
any of these applications to be sustainable, the
robot must be able to return autonomously to a
recharging pad without relying on GPS or exter-
nal infrastructure. The recently introduced Bee-
Nav navigation strategy, inspired by honeybee
learning flights, brings a small quadrotor back
to within 0.5 m of its takeoff point after hun-
dreds of metres of outbound flight, but it lacks
the centimetre-level precision a charging pad re-
quires. Here we extend Bee-Nav with a SIFT-
and memory-based visual-servoing approach: a
single downward SIFT view of the landing zone,
captured during the same takeoff hover, is stored
on board and later drives a closed-loop image-
based visual-servoing descent once Bee-Nav re-
turns the drone to the home area. Across mul-
tiple flights, the custom quadrotor lands with a
mean position error of 16± 10 cm—a ∼60 % re-
duction in mean error and a ∼44 % reduction in
spread relative to a camera-free output-flip detec-
tion baseline. Storing a single reference image
is therefore enough to turn coarse visual homing
into centimetre-precise landing, closing the loop
on fully autonomous, infrastructure-free return-
and-recharge cycles.

1 INTRODUCTION

Small flying robots are an increasingly attractive plat-
form for applications such as warehouse inventory tracking
and last-mile delivery [2]. For any such mission to be sus-
tainable and easy to deploy, the robot must be able to re-
turn to a docking station for autonomous recharging without
relying on external positioning infrastructure such as GPS
or fiducial markers [3, 4, 5, 6]. Yet the very property that
makes these robots attractive—their low payload and limited
on-board compute—rules out the high-precision, map-based
navigation methods that larger drones use. Micro air vehicles
(MAVs) carry severely limited payloads, leaving no room for
LiDAR or GPU-capable companion computers and forcing
the traditional SLAM pipelines that scale with map size [7]
off the table.

*Email address: d.ou@tudelft.nl

Figure 1: Time-lapse of a complete autonomous homing-and-
landing flight in the CyberZoo. The drone takes off (Start) at
a random location with random heading inside the learned
homing area (LHA), executes Bee-Nav visual homing [1] to
return to the vicinity of its takeoff point, and then performs
the proposed visual-servoing-based precision landing onto a
small pad (End).

Honeybees show that this problem is solvable with im-
pressively minimal resources: they navigate kilometres from
their hive on neural hardware of approximately one million
neurons [8]. They achieve this by combining two comple-
mentary mechanisms: path integration, which estimates the
position of the bee with respect to the hive by accumulating
directions and distances travelled, and view memory, which
maps remembered visual snapshots of the surroundings to
nearby places of interest [9, 10]. In long-distance flights the
two interplay: path integration provides the navigation signal
while the bee is far from the nest, and view memory takes
over once it is close enough to recognise familiar landmarks.
The view memory itself is built during one or more short
learning flights immediately after takeoff: while the path-
integration system is still accurate, the bee deliberately sam-
ples views around the nest, and the path-integration estimate
for each sample serves as the label that associates the view
with its position relative to home [8, 1].

Translating this two-stage strategy onto a small drone,
Bee-Nav [1] demonstrated that a 3.4-42 kB neural network
trained from a single learning flight is enough to navigate
back to within 0.5 m of the takeoff point from up to 110 m
away in 100 % of test flights, and from up to 600 m away in
the majority of outdoor flights, all using only an omnidirec-
tional camera, an optical-flow sensor and a Raspberry Pi 4.
However, 0.5 m is not enough to actually land on a recharg-
ing pad: charging contacts are typically a few centimetres
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wide, and the surrounding clutter (cables, neighbouring pads,
infrastructure) leaves no margin for a half-metre lateral error.

In robotics, this last-half-metre gap is bridged by what is
usually called precision landing based on prior knowledge:
engineered targets such as ArUco markers or H-shaped heli-
pads with conventional pose estimation [3, 4], classical hand-
crafted feature matching against a reference image, or more
recently learned descriptors. We discuss these approaches in
Sec. 2.3.

What is novel here is the integration of precision land-
ing into Bee-Nav itself: by sharing its hardware and
reusing its learning flight as the deployment-time reference-
capture step, the combined system becomes fully autonomous
from take-off to touchdown—something existing precision-
landing methods, which assume a separately instrumented
landing zone, do not provide on their own.

We propose a precision-landing system that extends Bee-
Nav to a fully autonomous takeoff and landing pipeline. The
system captures a single SIFT view of the landing zone dur-
ing Bee-Nav’s takeoff hover (i.e. during the learning flight),
and then, once Bee-Nav’s visual-homing phase—which runs
inside the learned homing area (LHA), a circle of radius
roughly 5–10 m centred on home [1]—has brought the drone
close to its takeoff point, the landing pipeline triggers a
closed-loop visual-servoing descent that drives the drone onto
the centroid of the SIFT cluster seen at takeoff. The whole
pipeline uses one extra downward-facing webcam and runs
on the same Raspberry Pi 4 that already runs Bee-Nav.

The contributions of this work are:

1. A complete autonomous pipeline for a central-place-
foraging MAV that travels out to a remote location and
returns to its takeoff point with a precision sufficient
for autonomous recharging, by augmenting Bee-Nav
[1] with a visual-servoing precision-landing phase.

2. A SIFT-based landing-zone representation that is ro-
bust to post-takeoff hover drift, running in real time on
a Raspberry Pi 4 alongside the navigation pipeline.

3. A significant reduction in landing error over a
camera-free baseline that detects home arrival from
overshoot-induced flips in Bee-Nav’s home-direction
output (output-flip detection), achieving centimetre-
level landing accuracy without GPS, fiducial markers,
or external infrastructure.

The rest of the paper is organised as follows: Sec. 2 re-
views related work; Sec. 3 details the hardware, the Bee-
Nav navigation strategy, and the capture-detect-servo land-
ing pipeline; and Sec. 4 evaluates landing precision against
the camera-free baseline, before Sec. 5 concludes the find-
ings and future work.

2 RELATED WORK

2.1 Bee-Nav insect-inspired navigation

Honeybees navigate by interplaying two mechanisms:
path integration drives the trajectory when the bee is far from
the nest, and view memory takes over once it is close enough
to recognise familiar landmarks [9, 10]. The view memory is
itself built during dedicated learning flights immediately af-
ter takeoff, in which the path-integration estimate labels each
visual snapshot with its position relative to home [8, 1]. Bee-
Nav [1] ports this strategy onto a small quadrotor by training a
compact convolutional homing network from learning-flight
data, achieving a ∼0.5 m residual error to the takeoff point
on a Raspberry Pi 4. We refer the reader to [1] for the full
method and to Sec. 3.2 for the four-phase summary needed to
follow the rest of this paper.

A half-metre residual is, however, not enough to actually
land on a recharging pad. Our work closes this gap: we keep
Bee-Nav’s hardware and its entire navigation pipeline, and
add a precision-landing phase on top.

2.2 Autonomous drone landing with prior knowledge

Most precision-landing systems instrument the pad with
a fiducial pattern—H-shaped helipads [4, 3], AprilTag [5]
or ArUco [6]—and reach centimetre-level pose estimation
in real time on embedded hardware; the cost is operational,
since every deployment site must be tagged. A second
line of work, which our system belongs to, instead cap-
tures one or more reference images of the pad at deployment
time and matches each live frame against them using hand-
crafted scale-invariant descriptors such as SIFT [11]. Re-
ported demonstrations include natural-landmark landing [12],
fully onboard monocular SIFT pipelines [13], and SVO-based
elevation mapping on textured natural surfaces [14]. The
failure modes of this regime are scale-variance degradation
at very low altitude and sensitivity to motion blur. Recent
learned descriptors (SuperPoint [15], SuperGlue [16], Light-
Glue [17]) and end-to-end DRL landing policies [18] improve
robustness at the cost of compute that is hard to afford on
Raspberry-Pi-class companions. We adopt SIFT because it
gives a deterministic error signal and runs comfortably on-
board, and we control its failure modes by capturing the refer-
ence during Bee-Nav’s existing learning flight (Sec. 3.4) and
tightly coupling it to an IBVS descent (Sec. 3.7).

2.3 Precision landing with visual servoing

Visual servoing is the standard methodology for closing
the control loop in the terminal phase of autonomous UAV
landing, in which visual feedback is converted directly into
closed-loop velocity or attitude commands [19]. The litera-
ture divides into two canonical architectures. Position-based
visual servoing (PBVS) first reconstructs the 3D relative pose
of the target and then generates Cartesian velocity commands,
yielding clean, near optimal trajectories in the workspace but
inheriting a strong dependence on accurate camera calibra-
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tion, a known target model, and a reliable depth estimate, with
no guarantee that the target remains within the field of view
[3, 4]. Image-based visual servoing (IBVS) instead defines
the error directly on the image plane and maps it to control
through the interaction (image-Jacobian) matrix; this makes
it robust to calibration error and keeps the target in view by
construction, at the price of coupling translational and rota-
tional motion and requiring an estimate of the feature depth
[20, 21].

To avoid the depth- and calibration-sensitivity of PBVS
and the coupled depth-dependent dynamics of IBVS, a fam-
ily of hybrid, or 2.5D, approaches decouples the rotational
and translational loops by operating partly in the cartesian
workspace and partly in the image plane [22, 23]. Such
schemes come at a cost, requiring a continuous homogra-
phy or essential-matrix decomposition at every frame, which
is comparatively expensive and yields several geometrically
valid pose solutions that must be disambiguated through
heuristics. For Size, Weight, and Power (SWaP)-constrained
platforms such as the Raspberry-Pi-based system used here,
this overhead is significantly undesirable, and pure IBVS
remains the most appealing option; it offers a determinis-
tic pixel-to-command mapping and minimal perception-to-
actuation latency, with no decomposition ambiguity to re-
solve in flight.

A remaining difficulty, independent of the servoing archi-
tecture, is the definition of a stable geometrically meaning-
ful target to servo towards as the apparent scale of the scene
changes throughout the descent. Servoing to whichever lo-
cal features happen to be detected ties the control objective to
arbitrary texture and drifts as features appear and disappear.
A more robust strategy is to match each live frame against a
reference image of the landing zone and to project a single
canonical target point, fixed once on the reference, into the
current frame through the estimated homography, thereby de-
coupling the control objective from the specific features visi-
ble at any given instant [24, 12]. We adopt exactly this strat-
egy: a pure IBVS descent commands a body-frame veloc-
ity towards a homography-projected target point that is fixed
once during the learning-flight hover. This results in a de-
terministic, low-latency landing controller that fits within the
SWaP budget already imposed by the navigation pipeline.

3 METHODS

The proposed system combines the Bee-Nav navigation
strategy with a precision-landing sub-system. The precision-
landing pipeline is fully driven by a single downward-facing
webcam and the on-board flight controller’s state estimate
(vehicle position fused from optical flow and a downward Li-
DAR). It is divided into two primary steps: landing trigger
and visual servoing.

3.1 Hardware system
The platform is a custom-built quadrotor (Fig. 2) run-

ning PX4 on a Holybro PixHawk 6c mini flight controller.

Figure 2: The custom quadrotor platform BeeDrone used in
this work, shown in isometric and bottom views. The upward-
pointing omnidirectional Pi-Camera v2 feeds the Bee-Nav
visual-learning and homing network, while the downward-
facing webcam is the sole sensor used by the precision-
landing pipeline. The flight controller runs PX4; a Rasp-
berry Pi 4 runs the vision pipeline. A downward optical-flow
sensor and a distance sensor are fused by the autopilot to pro-
vide velocity and position estimates along all three axes.

The on-board companion computer is a Raspberry Pi 4 con-
nected to the flight controller through a serial link using the
micro-XRCE-DDS bridge. The Pi runs the vision pipeline
on top of Raspberry Pi OS using OpenCV and a lightweight
Flask HTTP layer that decouples the cadence of the vision
algorithms from the ROS 2 state machine. The drone is
equipped with:

• An upward-pointing fish-eye Pi-Camera v2 that feeds
the Bee-Nav visual-homing network, which maps a
single panoramic frame to a body-frame home vector.

• A downward-facing Logitech C270 USB webcam, the
only sensor used for the precision-landing pipeline de-
scribed below.

• An optical-flow sensor (PMW3901) and a downward
LiDAR rangefinder (TFmini-S), fused by PX4’s EKF2
to provide velocity and position estimates along all
three axes.

3.2 Bee-Nav visual learning and homing
Our system extends Bee-Nav [1] with two additional

phases (home capture and precision landing) that share its
hardware. Bee-Nav itself consists of four phases that we re-
fer to in the rest of this section; full details are in [1]. During
a learning flight, the drone records pairs of (omnidirectional
image, path-integration information) while flying a structured
pattern within 5–10 m of the takeoff point, and a small CNN
is trained to map each omnidirectional image to its associ-
ated home vector; the region within which the network can be
used to reach home is called the learned homing area (LHA).
Afterwards, when performing a task, the drone flies an out-
bound task trajectory while path integration tracks the home
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direction. Once the task is completed, it follows the inte-
grated home vector during an inbound flight (not ending at
true home because of drift), and then enters a visual-homing
phase inside the LHA in which the CNN is run at each step
until the drone reaches home. The precision-landing pipeline
inserts immediately after this visual-homing phase. In the
original Bee-Nav paper, the operator triggered landing man-
ually once the drone came within 0.5 m of the home pad;
here, as a camera-free baseline, we additionally exploit a be-
havioural property of the same network’s outputs at conver-
gence (Sec. 3.3).

3.3 Output-flip detection (camera-free baseline)
Bee-Nav’s homing network points the drone reliably to-

ward its takeoff point throughout the return: far from home,
the predicted home vector is smooth and converges, step by
step, toward the takeoff point. Inside the last ∼ 0.5m, how-
ever, the drone’s residual velocity carries it past home before
the controller can fully decelerate, and it overshoots. Once
on the other side of home, the home direction now points
back the way the drone just came, so the drone reverses; on
the next step it overshoots again, and so on. Repeated over-
shoots make the home-vector output flip direction every few
frames as the drone dances back and forth across home—the
expected behaviour of any well-tuned homing controller at
convergence, not a failure of the network.

This back-and-forth pattern can itself be used as a land-
ing trigger that requires no downward camera, no SIFT, and
no extra hardware on top of Bee-Nav. We track the most re-
cent five home-direction outputs and call a successive pair
a flip when their angles differ by more than 90◦. When at
least three of the last four pairs flip, the trigger fires: the
drone enters the open-loop velocity descent of Sec. 3.6 di-
rectly and lands in place, accepting whatever residual error
remains in the Bee-Nav inbound trajectory. We refer to this
as the output-flip detection baseline, against which both SIFT-
only and SIFT+IBVS variants are compared in Sec. 4.

3.4 Home capture at takeoff
We capture the SIFT view of the landing pad during the

first hover of Bee-Nav’s learning flight: at this moment the
drone is hovering at takeoff altitude over (or close to) its take-
off point, and the downward webcam has a clean, sharp top-
down view of whatever surface the drone will later be asked to
land on. The onboard vision daemon extracts SIFT keypoints
and descriptors from this frame and caches the raw image, the
features, and a single 2-D target point u⋆ = (u⋆, v⋆) in image
coordinates that marks the location in the reference frame to
which the drone will later be servoed.

The choice of u⋆ is non-trivial. A naive choice would
be the image centre; however, because the drone is typically
not perfectly above the landing pad when the reference is cap-
tured (lateral drift during takeoff), the image centre frequently
falls onto the edge or the surface next to the pad. Landing on
this point therefore reproduces the takeoff drift instead of the

actual pad location. Instead, we set u⋆ to the centroid of the
densest cluster of SIFT keypoints, which on a textured pad
reliably falls on the pad surface itself (the pad has more high-
response SIFT features than the background). The cluster
centroid is computed by iterative response-weighted mean-
shift:

ck+1 =

∑
i∈N (ck)

ri pi∑
i∈N (ck)

ri
, (1)

where pi and ri are the position and response of keypoint
i, N (ck) is the set of keypoints within bandwidth ρ of the
current centroid, and ρ is set to 20% of the shorter image di-
mension. The iteration is initialised at the response-weighted
mean of all keypoints and terminates either when the centroid
moves less than 0.5 px between steps or after a 15-iteration
cap.

3.5 SIFT-based pad detection during return

During the visual homing phase, the same vision dae-
mon loads the cached SIFT reference at startup and runs a
background detector at 5 Hz against the latest downward we-
bcam frame. Each cycle runs SIFT detect-and-compute on
the live frame, matches the live descriptors to the cached
reference descriptors with a FLANN k = 2 search, keeps
matches whose nearest/second-nearest distance ratio is below
0.75 (Lowe ratio), and fits a homography H by RANSAC.
A detection is accepted only if at least 10 good matches
and 10 RANSAC inliers survive with an inlier ratio above
0.4, and if the target û = Hu⋆ warped through H falls
within the inner 80% of the live frame. The accepted tar-
get pixel is back-projected through the pinhole model and
the current above-ground altitude h to a body-frame error
∆xb = −(v̂ − cy)h/fy , ∆yb = +(û − cx)h/fx, and con-
verted to polar (α, d). The pinhole intrinsics are derived from
the C270 specification (60° diagonal FOV at 640×480) with-
out per-unit calibration, since a small bias on d is absorbed by
the closed-loop nature of the descent (Sec. 3.7). The detector
runs at the chosen 5 Hz cadence with headroom for the rest of
the onboard pipeline.

Each successful match is forwarded to the landing con-
troller, which caches the most recent body-frame error along
with a timestamp. This pushed cache is consumed by the
landing state machine described next.

3.6 Landing state machine

The landing sub-system is a small state machine driven
entirely by external set-points sent to the autopilot, so its own
internal landing modes are never invoked (Fig. 4). There
are two possible entry events and two operating states. An
accepted SIFT detection enters the IBVS state, in which a
body-frame XY velocity command is computed from the lat-
est SIFT update (Sec. 3.7) and a constant descent rate is com-
manded vertically. The IBVS state holds until either the au-
topilot reports ground contact, in which case the drone dis-
arms, or the SIFT inlier count drops below a minimum, in
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Figure 3: Onboard SIFT feature matching during the visual-servoing descent of a representative SIFT+IBVS flight, with eight
frames sampled at ∼2 s intervals across the IBVS state. Each panel shows the takeoff-time landing reference (left half ) and
the live downward-camera frame (right half ), with green lines connecting RANSAC-inlier keypoint correspondences and a
magenta cross marking the pad-cluster centroid (the landing target) in each image.

SIFT
detection

IBVS
(velocity mode)

Output-flip
trigger

Open-loop
velocity descent

Touchdownfeatures lost

Figure 4: Landing state machine. Two entry events: an ac-
cepted SIFT detection (top-left) goes straight into velocity-
mode IBVS; the camera-free output-flip detection trigger
(bottom-left) goes straight into an open-loop velocity descent.
The IBVS state falls through to the open-loop descent if SIFT
features are lost. Both descent states terminate when PX4 re-
ports touchdown.

which case the controller falls through to an open-loop veloc-
ity descent: planar position is held at the current (x, y) and the
same constant downward velocity is commanded until touch-
down. The output-flip detection trigger (Sec. 3.3) enters the
same open-loop velocity descent directly without ever pass-
ing through the IBVS state.

3.7 Image-based visual servoing
The IBVS state implements a proportional image-based

visual servo at the velocity set-point. Given the most re-
cent SIFT push (Sec. 3.5)—body-frame range d and bear-
ing α, equivalently the back-projected error (∆xb,∆yb) =
(d cosα, d sinα)—the controller commands a planar speed
proportional to d, rotated into the world frame by the current
yaw ψ, and a constant descent rate:

vdes = clip
(
Kv d, −vmax, +vmax

)
,

vwx = vdes cos(ψ + α),

vwy = vdes sin(ψ + α),

vz = vd,

(2)

which is published as a velocity set-point to the autopilot,
whose own attitude and thrust loops track it. Entry into the

IBVS state is gated by two conditions: (i) the IBVS mode
must be enabled in the controller configuration; and (ii) the
latest SIFT detection must be fresher than τlost = 300ms.
Failure of either gate falls through to the open-loop velocity
descent instead.

4 RESULTS

We evaluate three landing conditions back-to-back in the
same indoor arena (CyberZoo motion-capture cage, 10×
10m): (i) the camera-free output-flip detection baseline of
Sec. 3.3, which lands the drone in place as soon as Bee-Nav’s
home-direction output starts flipping from overshoot at con-
vergence; (ii) SIFT only, in which a SIFT detection triggers a
landing but IBVS is disabled, so the controller falls through
to an open-loop velocity descent with no closed-loop XY cor-
rection; and (iii) SIFT + IBVS, the full system. Our focus is
what SIFT+IBVS adds over Bee-Nav’s own outputs; bench-
marks against fiducial or learned-descriptor methods are left
to future work. Eight flights per condition correspond to eight
equally-spaced starting positions and directions covering the
full 360◦ inside the LHA. All flights used the same pad and
lighting; texture and illumination robustness are noted as lim-
itations. Ground-truth trajectories were recorded from an Op-
tiTrack motion-capture system, and only the mocap stream
was used for analysis.

The final landing position relative to the target is shown
in Fig. 5; the target is defined as the touchdown of a single
reference SIFT+IBVS flight (whose SIFT view was acquired
during the same learning flight) so that the metric is anchored
to the actual visual target rather than to an arbitrary mocap-
frame origin. The camera-free output-flip detection baseline
lands all 8 trials but with a mean error of 0.40 ± 0.18m and
a worst case of 0.69m—useful as a fallback when no down-
ward camera is available, but well outside the radius a typ-
ical charging pad can tolerate. Adding the SIFT-based trig-
ger reduces this to 0.25 ± 0.11m, and adding velocity-mode
IBVS brings it further down to 0.16 ± 0.10m. The 0.42m
worst case of the SIFT-only condition (visible in the lower-

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 28



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-2 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

Table 1: Per-flight landing metrics, mean ± one standard de-
viation across n = 8 flights per condition. Bold row high-
lights the headline precision metric. †For output-flip detec-
tion the time-to-land row is computed over the 7 of 8 trials
in which the drone actually entered the 0.5m radius before
touchdown; the eighth landed at 0.60m without ever crossing
the radius.
Metric Output-flip SIFT only SIFT+IBVS

Landing error [m] 0.40± 0.18 0.25± 0.11 0.16± 0.10
Time to land from 0.5 m [s] 14.8± 5.3† 14.4± 5.9 21.9± 17.4
Descent path length [m] 0.85± 0.01 0.89± 0.02 0.98± 0.10
Descent tortuosity [-] 0.002±0.001 0.037±0.017 0.126±0.088
Mean horizontal speed [m/s] 0.051±0.027 0.037±0.008 0.066±0.022

left of its panel) is absent from the IBVS condition, whose
worst landing is 0.30m. An unpaired Welch’s t-test confirms
that SIFT+IBVS significantly reduces landing error over the
output-flip baseline (p = 0.008, Cohen’s d = 1.62); SIFT-
only shows a similarly large effect vs. output-flip (d = 1.01,
p = 0.07), and the further SIFT+IBVS-over-SIFT-only im-
provement is a large trend not yet significant at n = 8
(d = 0.85, p = 0.11).

Fig. 6 shows the visual-homing and landing trajectories.
Outside the 0.5m radius (light gray), the eight launch di-
rections all converge on the target; inside the radius (per-
condition colour), landing behaviour diverges. Output-flip
detection lands wherever the trigger fires, often outside the
dashed circle (one trial landed at 0.60m without ever enter-
ing). The SIFT-driven conditions reliably enter the radius and
bias the touchdown toward the target, with SIFT+IBVS pro-
ducing the densest cluster.

As a complementary measure to landing-position accu-
racy, we report the time-to-land from 0.5m—the elapsed time
from the first sample at which the drone enters the 0.5m ra-
dius until touchdown. This is an end-to-end view of how long
each method spends in the landing zone before committing to
land, and is summarised together with the landing error in
Table 1.

Time-to-land is comparable between output-flip detection
and SIFT-only (∼14 s on average): both commit to a descent
as soon as their respective trigger fires, with no further re-
quirement on the SIFT detection thereafter. SIFT+IBVS, in
contrast, averages ∼ 22 s with much larger run-to-run vari-
ance: the median is similar at ∼ 14 s, but two of the eight
trials took 45 and 54 s as the IBVS loop spent additional time
waiting for the SIFT match to stabilise. The mechanism is
the entry condition into the IBVS state (Sec. 3.7); failure of
that condition falls through to an open-loop velocity descent,
which gives up the closed-loop XY correction. To preserve
precision, the system therefore effectively waits for the drone
to come closer to home, where the pad spans a larger image
area and matches are denser and more frequent, before and
during the closed-loop descent.

5 DISCUSSION AND CONCLUSIONS

Bee-Nav alone closes a multi-hundred-metre round-trip
to within 0.5m of the takeoff point [1]; the proposed ex-
tension takes that residual to inside one charging-pad radius,
making the autonomous foraging-and-recharging cycle viable
on a Raspberry-Pi-class platform. The camera-free output-
flip baseline lands roughly 2.5× less accurately and is best
regarded as a fallback for when no downward camera is avail-
able. The closed-loop IBVS pays a real efficiency cost (a
longer, more variable approach inside the landing zone) for
a substantial precision gain — the expected trade-off of a
closed-loop visual servo, and favourable for a fixed charging
pad.

Some limitations are worth flagging:

• Low-altitude blind zone: below ∼ 0.3m the pad fills
the frame and the surrounding texture that anchors the
homography leaves view, so residual error accumulates
in the last stretch of the descent.

• Detector cadence: the 5Hz SIFT loop is adequate for
a static pad but would not track a moving platform or
hold up under strong wind disturbance; a lighter-weight
detector is needed for those regimes.

• Detector and back-projection assumptions: a half-
visible pad, a strongly textured ground (e.g. grass),
or roll and pitch during descent all shift the SIFT-
cluster target off the pad; if any of these escalates to
the pad leaving the camera’s view entirely, or to the
background out-competing the pad in keypoints, the
pipeline simply cannot land precisely.

• Scope of the evaluation: n = 8 per condition gives
directional coverage but limited statistical power (the
SIFT+IBVS vs. SIFT-only comparison is a large-effect
trend rather than a firm p-value); outdoor grass results
are pending, and robustness to illumination changes,
shadows, and partial pad occlusion was not evaluated.

Future work follows from these limitations. (i) A single
visual system shared between Bee-Nav homing and pad de-
tection (e.g. an omnidirectional camera with sufficient verti-
cal FOV) would reduce the sensor count, though a panoramic
reference is geometrically harder to match than a rectilin-
ear one. (ii) Replacing SIFT with a learned local-feature
pipeline (SuperPoint [15]+SuperGlue [16]/LightGlue [17]) or
a lighter-weight traditional extractor would attack the motion-
blur and scale-variance failure modes, and would let sub-Pi-4
platforms (STM32, Coral) — on which Bee-Nav already runs
— carry the landing pipeline too. (iii) Additional low-altitude
reference templates captured during takeoff (a “multi-bank”
SIFT) would close the low-altitude blind zone.

In summary, we have extended Bee-Nav with a SIFT-
based visual-servoing precision-landing phase that reaches
centimetre-level touchdown without GPS, fiducial markers,
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Figure 5: Touchdown precision across eight flights per condition (left: output-flip detection; middle: SIFT only; right:
SIFT+IBVS). Top row: touchdown points expressed in the OptiTrack mocap frame relative to the visual target (black cross;
defined as the touchdown of a single reference SIFT+IBVS flight). The solid inner circle (0.175m radius) matches the size
of the actual landing pad; the dashed outer circle (0.5m radius) marks the homing-zone boundary used as the landing trigger.
The coloured cross and error bars give the per-condition centroid and 1σ ellipse. Mean landing error: output-flip detection
0.40±0.18m, SIFT only 0.25±0.11m, SIFT+IBVS 0.16±0.10m. Bottom row: top-view time-lapse of the same eight flights
inside the CyberZoo, showing the drone from launch at the edges of the cage to touchdown near the central pad; the dashed
circle marks the 0.5m homing-zone radius.

or environment-side instrumentation, reusing the same hard-
ware and learning flight Bee-Nav already performs. This
makes a fully autonomous central-place-foraging round-trip
practical on limited onboard compute.
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ABSTRACT

Running vision-language navigation fully on-
board an aerial robot is hard, since grounding,
planning, and control must share limited com-
pute and a single-stage error is difficult to isolate
in flight. End-to-end aerial policies fuse these
stages into one network, giving up the observ-
ability and safety checks a modular stack keeps
available. We propose VLN on the Fly, an on-
board stack that keeps grounding, planning, and
control as separate, inspectable stages. A quan-
tized VLM grounds an instruction to a coarse
image cell, depth lifts it to a 3D goal, a fast B-
spline planner returns a feasible trajectory, and
a pretrained reinforcement learning policy tracks
it to motor commands across quadrotors. Across
15 onboard flights over three everyday referents
in a controlled indoor volume, the stack reaches
the target in 13 of 15 trials with 5.72 cm mean
goal error and 39.3% average GPU utilization.
In 6 additional cluttered-environment trials, the
stack tracks collision-free trajectories under on-
board perception gating.

1 INTRODUCTION

Aerial robots are increasingly being deployed in human-
centered indoor environments, including warehouses, offices,
inspection sites, and residential spaces. Indoor deployment
introduces GPS denial, cluttered geometry, narrow passages,
and layouts built around people or ground vehicles rather than
autonomous flight. Operation under such conditions depends
on the platform’s robustness and the ability of the underlying
task-completion models to generalize beyond a fixed envi-
ronment. Language-conditioned control is promising in this
setting because natural-language instructions allow a human
to specify task intent directly in a new scenario, without re-
engineering the system for each task.

Vision-Language-Action (VLA) models have been used
to address this need, with a single end-to-end policy trained
to map raw observations and instructions directly to control
commands. Applied to navigation, this class is commonly re-
ferred to as Vision-Language Navigation (VLN) [1–4], and

Figure 1: VLN on the Fly, an onboard vision-language navi-
gation stack that grounds language instructions and plans and
executes trajectories toward named referents, here a fire ex-
tinguisher, a trash bin, or a chair.

recent aerial works such as AerialVLA [5], AutoFly [6],
and Singer [7] point in promising directions. However,
the compositional generalization behind the success of lan-
guage models has proven harder to achieve in physical au-
tonomy [8]. For aerial robots, each new instruction must be
grounded not only in semantic context but also in feasible
motion under vehicle dynamics and safety constraints. When
grounding, spatial reasoning, and control are encoded inside a
single end-to-end policy, limited observability makes failures
harder to localize and safety constraints harder to inspect or
enforce through standard planning mechanisms such as colli-
sion checks, feasibility tests, and recovery behaviors [9].

Recent literature shows that decoupling these models en-
ables desirable behaviors in navigation stacks [10, 11], since
separate modules remain observable, reusable path-planning
safety guards remain available, and changes to one compo-
nent of the stack do not require retraining the entire pol-
icy. For a decoupled approach, integrating the hierarchical
stack, particularly with the flight controller’s inner modules,
remains a valid concern underexplored in the literature. Con-
cretely, we address three concerns: (i) safety, (ii) hierarchical
complexity, and (iii) onboard compute, since running a lo-
cal Vision-Language Model (VLM) together with a full stack
onboard is inherently challenging.
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In this work, we propose VLN on the Fly, an onboard
stack for navigation on aerial vehicles (Fig. 1). We embed a
quantized VLM (Qwen-3.5-2B [12]) for coarse grid ground-
ing, where the model identifies the image region contain-
ing the target object from the language instruction and vi-
sual scene. The selected region is combined with depth in-
formation to estimate a 3D goal, which is passed to EGO-
Planner [13] for B-spline trajectory generation. To over-
come the low-level complexity of the hierarchical pipeline,
we leverage the pretrained RAPTOR policy [14], which maps
a position setpoint and the proprioceptive data directly to
motor outputs. To maintain safety across this hierarchy, we
validate the projected goal against the operating bounds be-
fore planning, while the planner’s occupancy map supports
collision-aware trajectory generation. We investigate these
questions through system design, real-flight evaluation, and
per-module characterization. Our contributions are:

• An onboard decoupled aerial VLN stack combining a
quantized VLM for open-vocabulary grounding, EGO-
Planner for 3D B-spline planning, and pretrained RAP-
TOR for low-level control, without end-to-end training
or offboard compute.

• A lightweight safety supervisor, using a finite-state ma-
chine to reject projected goals outside the operating
bounds and to gate trajectory execution based on plan-
ner feasibility from the onboard occupancy map.

• A real-flight feasibility evaluation of the full onboard
stack on an open-vocabulary object-goal task over three
referents, and a per-stage failure attribution enabled by
the modular design.

2 RELATED WORK

Aerial VLN has largely been end-to-end, a single net-
work mapping instructions and egocentric observations to ac-
tions, from the AerialVLN benchmark [15] to recent open-
vocabulary models [6, 7], with VLA-AN [16] carrying such
a policy fully onboard. This coupling forfeits the observabil-
ity and path-planning safety guards of a conventional stack
and ties the policy to one platform. In contrast, VLN on the
Fly keeps language grounding, metric planning, and low-level
control as separate stages, enabling onboard VLN while pre-
serving inspectable interfaces.

Decoupled VLNs split semantic reasoning from control
to recover those guards. DualVLN [11] separates high and
low-level execution, while See-Point-Fly [17] and Fly0 [18]
ground an instruction to an image point, the latter projects it
to a 3D target with depth for a geometric planner, the same
mid-stack we adopt. AirHunt [19] keeps the slow VLM from
bottlenecking the planner, and OnFly [20] runs the VLM fully
onboard on our class of embedded computers, confirming the
recipe is both effective and onboard-capable. We adopt the
same decoupling principle, but replace pixel-level grounding

with coarse-grid grounding and connect the VLM-to-planner
interface to a learned flight policy.

Reinforcement Learning Policies map vehicle state di-
rectly to actuator commands at the high control rates required
for agile flight, around 100 Hz, as shown in champion-level
drone racing [21] or autonomous inspection [22]. However,
many learned controllers specialize in a single airframe and
require renewed system identification or retraining after hard-
ware changes. RAPTOR [14] addresses this issue with a
foundation policy that adapts across quadrotors zero-shot. We
use RAPTOR as the low-level stage of the decoupled VLN
stack, feeding position setpoints directly from the planner and
avoiding a hand-tuned position-attitude cascade.

3 SYSTEM DESIGN

Our framework presents a modular, hierarchical, and fully
onboard VLN architecture with three processing stages coor-
dinated by a safety supervisor (Fig. 2). The grounding stage
converts the instruction and current observation into a 3D
goal, EGO-Planner generates a feasible trajectory, and RAP-
TOR tracks the resulting setpoints. Explicit goals and set-
points keep the interfaces observable, while the supervisor
validates candidate goals and gates trajectory execution.

3.1 VLM-based Goal Grounding
We use Qwen-3.5-2B quantized to INT4 [12], reducing

memory use enough for onboard inference. At each VLM
query, the model takes the egocentric RGB frame and the
instruction, then returns one of nine named regions from a
3 × 3 image grid together with a confidence score, or re-
ports that the target is not visible. The grid is defined only
in the text prompt and is not rendered onto the image. The
returned region is mapped to the corresponding cell during
post-processing. Restricting the output to nine region names
removes pixel coordinates, making the result easier to check.

For the returned cell, the median valid depth dcell is as-
signed to its center pixel (ucell, vcell). The corresponding
point in the camera frame is obtained through the back-
projection in (1):

pcamera = dcell



(ucell − cx)/fx
(vcell − cy)/fy

1


 , (1)

where fx and fy are the camera focal lengths, and (cx, cy)
is the principal point. The current pose then transforms the
point into the map frame to obtain the planner goal. Using
the cell median reduces sensitivity to isolated invalid or noisy
depth readings. If the cell contains no valid depth within the
sensor range, the goal is rejected.

The goal altitude is constrained to a narrow band around
the current flight altitude, keeping the goal within a safe ver-
tical range and avoiding climbs or descents caused by depth
noise. Between VLM queries, the planner and policy con-
tinue running at their own rates.
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Figure 2: Overview of the VLN on the Fly. The RGB-D camera and language instruction are processed onboard by Qwen3.5
to project a 3D goal, EGO-Planner generates a feasible B-spline trajectory, and RAPTOR tracks the resulting setpoints as motor
commands. OptiTrack pose is fused by EKF2 for localization in the experimental setup, while the safety layer gates motion.

3.2 Safety Supervisor
The safety supervisor controls the handoff between VLM

grounding and EGO-Planner. At take-off, the initial vehicle
position defines the center of a bounded operating volume. A
candidate goal (xg, yg, zg) is accepted only when

|xg−x0| ≤ bx, |yg−y0| ≤ by, |zg−z0| ≤ bz, (2)

where (x0, y0, z0) denotes the initial vehicle position and bx,
by , and bz define the configured limits along each axis. Goals
violating (2) are rejected before planning.

Before goal publication, the supervisor requires three
consecutive predictions for the same grid region, each above
the configured confidence threshold. Only predictions with
a valid projected goal enter the consensus process. After
acceptance, one goal remains active until EGO-Planner re-
ports completion, rejection, or failure. Nearby proposals and
rapid updates are suppressed to prevent unstable commands
between VLM queries.

3.3 3D Planning
The validated 3D goal is passed to EGO-Planner [13],

which returns a smooth, dynamically feasible trajectory. The
planner does not require a Euclidean Signed Distance Field
(ESDF), allowing local, on-demand collision evaluation with-
out constructing a full distance field. The lower computa-
tional cost allows EGO-Planner to run alongside the VLM on
the same onboard computer. EGO-Planner represents trajec-
tories as uniform B-splines and plans natively in 3D.

The B-spline convex-hull property allows velocity, ac-
celeration, and collision constraints to be applied through
the control points. The corresponding limits are configured
for each airframe, defining how the platform’s motion limits

are passed to the planner. Local support also confines each
control-point update to a short segment of the trajectory.

After goal validation, EGO-Planner checks the trajec-
tory’s feasibility against a local occupancy map built from the
depth camera and the current pose. The map is entered into
the collision cost before the optimized B-spline is sampled
into position setpoints. Replanning refreshes the setpoints.

3.4 Low-level Policy

A conventional flight-control stack maps planner set-
points to motor commands through position, velocity, atti-
tude, and rate controllers, each tuned to the drone’s mass,
inertia, motor constants, and thrust limits. RAPTOR [14]
replaces the cascade with a pretrained policy that maps the
setpoint-relative state directly to actuator commands.

RAPTOR receives the position setpoints from Section 3.3
relative to the current vehicle state. A lightweight tracking
bridge samples the planned path as a moving reference and
provides position setpoints with velocity feedforward. After
replanning, the reference resumes from the path point nearest
the current vehicle position, reducing discontinuities between
successive trajectories. Updating the stream after replanning
ensures the policy tracks the latest trajectory. RAPTOR han-
dles low-level control through a network with 2,084 parame-
ters and three recurrent layers, running directly on the flight
controller without retraining for our airframe.

4 EXPERIMENTAL RESULTS

In this section, we evaluate VLN on the Fly as an onboard
aerial VLN stack for open-vocabulary object-goal navigation.
We first describe the platform and experimental setup, then
evaluate goal-reaching performance across 15 real flights and
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Figure 3: Experimental Setup. (a) Controlled indoor flight
volume for the open-vocabulary object-goal trials, with the
quadrotor, marked operating bounds, and everyday referents.
(b) Cluttered setup for the path-planning trials (Sec. 4.3), with
a table, chair, tool case, and a freestanding vertical panel
placed between the take-off pose and the trash-bin referent.

profile onboard VLM latency. We next analyze the perception
design through grid-resolution, depth-readout, and referent-
discrimination studies. Finally, we test the complete stack
in cluttered scenes to assess goal validation, obstacle-aware
planning, and trajectory tracking.

We deploy VLN on the Fly on MIRA [23], an open-
source quadrotor equipped with an Intel RealSense D435i
RGB-D camera, an onboard Jetson Orin NX, and a Pixhawk
6C flight controller. An OptiTrack PrimeX 41 motion-capture
system provides pose estimates used as odometry.

4.1 Performance Analysis

Trials are conducted as shown in Fig. 3, with three ev-
eryday referents: a trash bin, a chair, and a fire extinguisher.
For each referent, we run the full stack 5 times, for a total of
15 onboard flights from the same take-off pose. Each flight
receives a single instruction naming the target. The scene lay-
out remains fixed during each run.

As reported in Table 1, our method reached the com-
manded referent in 13 of 15 flights (87% success rate, with
a Wilson 95% confidence interval of 0.62–0.96). The trash
bin succeeded in all five runs, ending directly above the ref-
erent every time (zero goal error) even though the executed
paths curved on the way in. The chair and fire extinguisher
each failed once, and in both cases the vehicle approached the

Table 1: Open-Vocabulary Object-Goal Navigation

Referent Success
rate ↑

Goal err.
(cm) ↓

Track err.
(cm) ↓

Avg. GPU
(%)

Trash bin 1.00 0.00 34.96 42.2
Chair 0.80 10.07 26.13 37.3
Fire extinguisher 0.80 7.08 37.64 38.4

Overall 0.87 5.72 32.91 39.3

correct object but stopped short of the 20 cm radius once the
target left the camera view, preventing goal refinement.

The qualitative run in Fig. 4 exposes the main interfaces
of the stack during a successful run. The VLM output is cor-
rect at the coarse-region level, supporting our choice to avoid
pixel-level grounding. However, the main residual error ap-
pears downstream, as the limited RGB-D range and local in-
flation in the occupancy map can bias the planner away from
a straight approach, as seen in the curved projected trajectory.

Beyond the GPU utilization of Table 1, we profile the
grounding stage directly from the onboard inference records
(Table 2,N=1865 queries). On the Jetson Orin NX the quan-
tized 2B VLM completes a grounding query in a median of
0.79 s (95th percentile 0.88 s), which comfortably sustains the
0.5 Hz query rate and leaves the planner and policy to run
uninterrupted in between. Time-to-first-token, which covers
vision encoding and prompt prefill, dominates and is nearly
constant at 0.60 s, the total time varies only with the short
region output, so latency is stable across queries.

Table 2: Onboard VLM Inference Timing

Stage Median 95th pct. Max

Time-to-first-token 0.60 s 0.66 s 0.72 s
Total inference 0.79 s 0.88 s 1.12 s

4.2 Perception Ablation Study

To isolate the effect of otherwise untracked hyper-
parameters and to motivate our design choice, Table 3
presents an offline analysis of the perception layer. We re-
played the logged onboard depth frames using the same cell-
selection and projection pipeline as in flight. In addition to
the valid-goal rate against the ground-truth position, we re-
port the inter-frame goal-selection jitter.

A 1×1 grid provides stable depth estimates but no image-
plane localization and therefore cannot spatially distinguish
multiple referents. Among grids that preserve spatial local-
ization, 3× 3 achieves a valid-goal rate of 1.00 with substan-
tially lower jitter than 5 × 5, motivating its adoption as our
default configuration.

Taking the grid to its limit, a single pixel, removes the
region abstraction and makes explicit why we ground at the
cell level (bottom of Table 3). Back-projecting the goal from
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Figure 4: Qualitative Grounding and Planning Result. A single onboard frame from a representative successful run for the
instruction “go to the trash bin”, with the fire extinguisher and chair present as distractors. (a) VLM grounding over the image
grid: the selected center cell (blue) localizes the referent. (b) The same frame as a navigation command: the back-projected 3D
goal at the selected cell’s ray, and the executed onboard trajectory projected into the camera view.

Table 3: Grounding Resolution Ablation
Region grid Valid-goal rate ↑ Selection jitter (m) ↓
1× 1 0.94 0.07
3× 3 (ours) 1.00 0.70
5× 5 1.00 1.27
Single pixel 0.15 1.16

one image pixel yields a valid depth reading in only ∼15%
of frames (invalid in 85%), since a lone pixel frequently
lands on a low-texture, reflective, or out-of-range surface, and
where it is valid, it can read across an object boundary and
back-project from the background behind the referent, differ-
ing from the cell median by up to 0.8 m. The selected 3 × 3
cell median avoids these failures.

To further support the open-vocabulary claim, we re-
played identical onboard frames through the VLM, varying
only the referent name in the prompt (N=1865 queries, Ta-
ble 4). On frames where the model commits to a region, the
two present referents map to disjoint, scene-consistent loca-
tions, the chair to the top-left (86%) and the trash bin to the
center (90%). The absent referent is correctly reported as not
visible in 66% of frames, but when it does commit, it defaults
to the center (79%), the trash bin’s region. This hallucination
mode does not affect the discrimination between present ref-
erents, but it suggests trusting not-visible reports over com-
mitments to out-of-scene targets. Although the VLM ex-
hibits a high false-negative rate for present objects (44–53%
not visible), the tracking and projection pipeline successfully
bridges these intermittent perception gaps.

4.3 Cluttered-Environment Evaluation
The trials above isolate grounding accuracy in a largely

open volume. To probe the stack under the cluttered con-
ditions typical of indoor deployment, we ran a small set of

Table 4: VLM Region Selection by Prompted Referent
Prompted referent Not visible Modal region Share

Chair (left) 53% Top-left 86%
Trash bin (center) 44% Center 90%
Fire extinguisher (absent) 66% Center 79%

additional onboard flights (n = 6) toward the trash-bin ref-
erent with obstacles (a chair, a tool case, and mocap tripods)
placed between the take-off pose and the target. Using the on-
board occupancy map, EGO-Planner produced collision-free
B-spline trajectories that RAPTOR tracked to the referent. In
three of the six runs the stack reached the referent collision-
free, ending 0.00–0.183 m from the goal. In the other two the
safety layer never released a goal that satisfied its depth and
bounds checks, so no trajectory was executed and no collision
occurred. In the remaining run (Run 3), the vehicle success-
fully avoided obstacles but terminated just outside the suc-
cess radius (0.21 m from the goal) due to high tracking devi-
ation. This demonstrates that the same onboard stack extends
from open-volume goal reaching to cluttered navigation with-
out changes, and that the goal-validation interface degrades
to a safe no-commit. Fig. 5 shows the planned and flown tra-
jectories for a representative run, and Table 5 reports per-run
errors measured from trajectory generation to the first goal-
reach. Across the four executed runs the flown path stayed
close to the planned B-spline, with a mean tracking error of
17.6 cm (per-run means 10.9–29.9 cm), altitude was held near
the commanded band, so the horizontal path carried the navi-
gation while the vehicle navigated the clutter.

5 LIMITATIONS

As with many open-vocabulary systems, the generaliza-
tion of our results is not fully characterized. While experi-
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Figure 5: Planned vs. Flown Trajectory in Clutter. EGO-
Planner’s collision-free B-spline (blue) runs from take-off
(green) to the goal object (star), and RAPTOR tracks it (or-
ange). Altitude is held near the commanded band, faint floor
shadows show the horizontal path. The window spans trajec-
tory generation to the first goal-reach.

ments demonstrate the feasibility of the proposed VLN tasks,
gains in modularity and safety come at the cost of integration
trade-offs. In particular, the target remains fixed between goal
queries, so a grounding error can persist until the next query,
an asynchronous design could refresh it sooner. Grounding
also operates on the current egocentric frame alone, with no
spatial memory, so a referent outside the field of view must
first be brought into view before it can be grounded, which
bounds the contextual and sequential task families. Finally,
depth back-projection proved to be limited in practice by the
stereo sensor’s range and by invalid depth regions.

To isolate the present contributions, we made two simpli-
fying assumptions that future work could relax: fixed-altitude
flight and external odometry. The z-clamp fixes the altitude
per environment, so the planner’s full 3D capability is not
exercised. Moreover, all trials are conducted within a single
OptiTrack volume from a known initial pose, without evalu-
ating arbitrary initialization or relocalization.

6 CONCLUSION

We presented VLN on the Fly, an onboard decoupled
aerial VLN stack that grounds natural-language instructions
into 3D goals with a quantized VLM, plans collision-aware
trajectories with EGO-Planner [13], and executes position
setpoints through the pretrained RAPTOR policy [14]. The
decoupled design preserves intermediate observability, allow-
ing grounding, goal projection, planning, and control errors

Table 5: Goal and Tracking Errors for Cluttered Flights

Run Goal err.
(cm) ↓

Mean track. err.
(cm) ↓

p90 track. err.
(cm) ↓

1 0.00 14.5 18.6
2 18.3 15.1 26.4
3 20.7 29.9 79.1
4 0.00 10.9 21.2

Mean 9.75 17.6 36.3

to be inspected separately during real flight. Our experi-
ments characterize open-vocabulary object-goal navigation in
a controlled indoor volume, demonstrating onboard execution
while highlighting remaining sensitivity to depth range, met-
ric projection, and planner-interface effects. Complementary
sensing, longer-range depth, and tighter coupling between
perception uncertainty and trajectory generation could im-
prove robustness in less constrained environments and pro-
vide a clearer path toward longer-horizon aerial VLN.
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MRAC-Based Admittance Control for Aerial Physical
Interaction

Ishaq Hafez* and Karl Stol
Department of Mechanical and Mechatronics Engineering, University of Auckland, Auckland 1010, New Zealand

ABSTRACT

This paper presents an admittance controller
with model reference adaptive control (MRAC)
for a fully actuated multirotor in physical in-
teraction, in which an adaptive input drives the
compliant response toward a reference compli-
ance model. The admittance parameters are up-
dated online through Lyapunov-based adapta-
tion, while an MRAC position controller com-
pensates matched translational uncertainty. Lya-
punov analyses establish bounded tracking and
parameter errors for the individual adaptive sub-
systems under the stated assumptions. Simu-
lations on a fixed-tilt octocopter in single-point
contact with a flexible cantilever beam show
reduced interaction-axis tracking error and os-
cillations, increased beam-tip deformation, and
greater robustness to parametric uncertainty than
fixed admittance, with peak forces below the
contact force limit.

1 INTRODUCTION

Aerial robots are increasingly employed in tasks requir-
ing controlled physical interaction, including nondestructive
inspection, infrastructure maintenance, and collaborative ma-
nipulation with humans [1, 2, 3]. Unlike fixed-base manipu-
lators, unmanned aerial vehicles (UAVs) must regulate flight
dynamics and contact forces simultaneously, which couples
compliance, tracking accuracy, and contact safety. This cre-
ates a trade-off between compliance and precision: high com-
pliance improves interaction safety but degrades free-flight
tracking, whereas high stiffness improves positioning but can
produce large impact forces and contact instability [4]. This
trade-off motivates a control architecture that adapts compli-
ant interaction and position tracking together under contact
and model uncertainty.

Adaptive admittance control strategies have been devel-
oped for UAV physical interaction. Hamaza et al. [5] im-
plemented an adaptive compliance mechanism on a quadro-
tor with a compliant arm by tuning torsional spring gains
online to shape the force–position behavior during contact.
For sustained contact in aerial manipulation, Marković et al.
[6] used adaptive stiffness estimation within an impedance

*Email address: ishaq.hafez@auckland.ac.nz

controller to regulate interaction with unknown environment
stiffness. These approaches improve robustness to payload
changes, unmodeled contact dynamics, and external distur-
bances, but adapt only the interaction layer. Simultaneous
adaptation with motion tracking remains largely unexplored.

MRAC has addressed model uncertainty and external dis-
turbances in UAV-manipulator systems. Orsag et al. used
Lyapunov-based MRAC on a two-arm aerial manipulator to
compensate center-of-mass and inertia variations, with a hy-
brid gain-scheduled extension [7, 8]. Sumathy and Ghose
combined feedback linearization with MRAC to estimate un-
certain parameters for a quadcopter with a 3-DoF arm [9]. Ali
and Li developed an LQR-MRAC framework for a quadro-
tor with a 2-DoF gripper under payload-induced uncertainty
[10]. Other studies address varying payloads and online esti-
mation of mass, thrust, inertia, and center-of-gravity changes
[11, 12]. These studies show reference-model adaptation
compensates for payload changes, inertia shifts, and reaction
forces, but does not adapt compliant behavior, such as force
regulation, in coordination with trajectory tracking.

Aerial physical interaction requires simultaneous adapta-
tion of compliant contact behavior and motion tracking under
uncertainty. Prior works either employ an outer-loop MRAC
with inner-loop controllers or use impedance or admittance
control to shape interaction dynamics without MRAC po-
sition tracking, including adaptive stiffness and impedance
control [6], interaction force and predictive admittance con-
trol on fully actuated platforms [1], port-Hamiltonian wrench
and impedance regulation [13], and coordinated frameworks
for compliant aerial manipulation [3]. Existing work does
not combine MRAC-based input augmentation inside the ad-
mittance loop, Lyapunov-based admittance-parameter adap-
tation, and an MRAC position controller for adaptive aerial
physical interaction. The proposed framework addresses this
gap by adapting the contact response in the admittance layer
and compensating matched translational uncertainty in the
position loop. An MRAC term drives the admittance response
toward a reference compliance model, while Lyapunov-based
updates adapt the admittance parameters under contact and
modeling variations.

Simulations evaluate the method on a fixed-tilt octocopter
in contact with a flexible cantilever beam. A fixed-admittance
baseline isolates the effect of online adaptation, while lateral
and vertical contact-arm axes are considered to assess post-
contact interaction-axis tracking error and oscillations under
beam-model parametric uncertainty.
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2 SYSTEM MODEL

The fixed-tilt octocopter (FT-X8) has eight rotors ar-
ranged in four fixed-tilt coaxial pairs [14], as shown in Fig. 1.
This layout enables direct thrust along x̂b and ŷb without at-
titude changes and supports independent force and moment
control. Contact is made through a body-mounted rigid con-
tact arm whose axis is fixed in Fb. The inertial frame Fn
uses North-East-Down axes, and Fb is fixed at the center of
mass with ẑb downward. Counter-rotating coaxial pairs can-
cel hover reaction torque, while differential thrust generates
body-frame forces and moments. The attitude is parameter-
ized by ZYX Euler angles η = [ϕ, θ, ψ]⊤, where Rn

b maps
Fb to Fn and Rb

n := (Rn
b )

⊤. The body angular velocity
ωb = [p, q, r]⊤ satisfies η̇ = T−1(ϕ, θ)ωb [12].

The translational dynamics in Fb are given by

m
(
v̇b + ωb × vb

)
= mgRb

nẑn −Ct vb + fb + fe,b, (1)

where m > 0 is the mass, vb := [ vx,b vy,b vz,b ]
⊤ is the

body-frame linear velocity, g > 0 is the gravitational ac-
celeration, ẑn := [ 0 0 1 ]⊤ is the inertial z-axis unit vec-
tor, Ct := diag(Ctx, Cty, Ctz) is the translational drag ma-
trix, fb := [ fx,b fy,b fz,b ]

⊤ is the total rotor thrust force,
and fe,b ∈ R3 is the external contact force. Let pn :=
[xn yn zn ]

⊤ denote the position in Fn. Differentiating
ṗn = Rn

b vb and using (1) gives the inertial acceleration

p̈n = g ẑn + 1
m Rn

b

(
fb −Ct vb + fe,b

)
. (2)

The rotational dynamics in Fb are given by

J ω̇b + ωb × (Jωb) = −Cr ωb +mb + τ e,b. (3)

where J := diag(Jx, Jy, Jz) is the body inertia matrix,
Cr := diag(cp, cq, cr) is the rotational damping matrix,
mb := [mx,b my,b mz,b]

⊤ is the rotor moment input, and
τ e,b := [τe,x,b τe,y,b τe,z,b]

⊤ is the external contact moment.
For rotor i ∈ {1, . . . , 8}, let Fi be its local frame, ẑi

its thrust axis, Ri
b the rotation from Fi to Fb, and pi :=

Figure 1: FT-X8 rotor layout with inertial and body frames.

[xi yi zi]
⊤ its position in Fb. The total body wrench gen-

erated by the rotor thrusts and reaction torques is

wb :=

[
fb

mb

]
=

8∑

i=1

[
Ri
b

(
fi ẑi

)

Ri
b

(
mi ẑi

)
+ pi ×Ri

b

(
fi ẑi

)
]
. (4)

The dynamics use wb+we,b, where we,b := [ f⊤e,b τ
⊤
e,b ]

⊤,
with fe,b and τ e,b entering (1) and (3), respectively. Each
rotor follows fi = kfω

2
i and mi = kmω

2
i for i ∈ {1, . . . , 8},

where ωi is the rotor speed, and kf > 0 and km > 0 are the
thrust and drag torque coefficients. Coaxial rotor-wash effects
are modeled approximately by assigning the lower rotors in
each coaxial pair an effectiveness factor of 0.8. Collecting the
FT-X8 rotor thrusts as fr := [f1 · · · f8]⊤ ∈ R8 with fixed
tilt angle β, (4) becomes wb = Λfr, where Λ ∈ R6×8 is

Λ =




−sβ −sβ sβ sβ 0 0 0 0
0 0 0 0 sβ −sβ −sβ sβ
−cβ −cβ −cβ −cβ −cβ −cβ −cβ −cβ
−σ2 σ2 σ2 −σ2 σ1 −σ1 −σ1 σ1
σ1 σ1 −σ1 −σ1 σ2 σ2 −σ2 −σ2
σ3 −σ3 σ3 −σ3 σ3 −σ3 σ3 −σ3



,

where cβ = cosβ, sβ = sinβ, σ1 =
√
2
4 D cosβ, σ2 =

σ1 − km
kf

sinβ, and σ3 = km
kf

cosβ +
√
2
4 D sinβ. Since

rank(Λ) = 6 for β ∈ (0, π2 ), the platform is fully actuated at
the body-wrench level. Although the FT-X8 is overactuated,
the controller design does not rely on rotor redundancy.

Let ub,cmd := [ f⊤b,cmd m⊤
b,cmd ]

⊤ ∈ R6 denote the com-
manded body wrench and fr,cmd := [ fcmd,1 · · · fcmd,8 ]

⊤ ∈
R8 the commanded rotor thrust vector. The allocator maps
ub,cmd to feasible rotor thrusts using Λ and sets ωi,cmd =√
fcmd,i/kf . Motor dynamics are modeled as τ ω̇i =

ωi,cmd − ωi, where τ > 0 is the motor time constant.

3 CONTROL ARCHITECTURE

The control architecture in Fig. 2 maps the
reference position and yaw command rq(t) :=
[ rx,n(t) ry,n(t) rz,n(t) rψ(t) ]

⊤ and the external wrench es-
timate ŵe,n(t) := [ f̂x,n(t) f̂y,n(t) f̂z,n(t) m̂ψ(t) ]

⊤ to com-
pliant setpoints qsp(t) := [xsp(t) ysp(t) zsp(t) ψsp(t) ]

⊤.
The adaptive admittance layer regulates compliant in-
teraction using an MRAC input and online parame-
ter updates, while the MRAC position controller uses
the translational components of qsp(t) to generate
acmd(t) := [ ax,n(t) ay,n(t) az,n(t) ]

⊤ and compensate
matched translational uncertainty. The inner flight controller
and control allocation drive the plant to track acmd(t) using
cascaded attitude and rate PID loops [15].

3.1 Fixed Admittance Controller
The fixed admittance (FA) controller imposes a linear

mass–spring–damper relation between wrench and compliant
setpoint for q ∈ {xn, yn, zn, ψ}. Let rq,n, qsp,n, and f̂q,n
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𝐩𝑛, ሶ𝐩𝑛

𝒂cmd𝒒𝑠𝑝
MRAC-based admittance controller MRAC position controller 

External wrench observer 

Inner flight controller, 

control allocation, and plant

ෝ𝒘𝑒,𝑛 

𝒓𝑞

𝐩𝑛, 𝐯𝑏 , 𝝎𝑏, 𝜼

Figure 2: MRAC-based control architecture for aerial physical interaction.

denote the reference, compliant setpoint, and wrench compo-
nent, and define ecq(t) := qsp,n(t)−rq,n(t). An observer [16]
provides ŵe,n(t) ∈ R4 from measured (pn,vb,ωb,η), while
the plant is driven by the contact wrench we,b(t). The com-
pliant setpoint follows a second-order admittance law [2].

Mq

(
q̈sp,n(t)− r̈q,n(t)

)
+ Cq

(
q̇sp,n(t)− ṙq,n(t)

)

+Kq

(
qsp,n(t)− rq,n(t)

)
= f̂q,n(t).

(5)

with Mq ∈ R>0, Cq ∈ R>0, and Kq ∈ R>0. Equation (5)
defines four decoupled second-order admittance filters on xn,
yn, zn, and ψ. Roll and pitch are stabilized by the inner loop
and excluded from the admittance law.

3.2 MRAC-Based Adaptive Admittance Control
The FA law in (5) is sensitive to contact uncertainty,

wrench estimation errors, unmodeled couplings, and fixed
admittance parameters, which can cause residual offsets in
qsp,n − rq,n. The proposed MRAC-based admittance uses
uq(t) to drive qsp,n toward a reference model, while online
parameter updates adapt the compliance dynamics. Introduc-
ing uq(t) gives the channel-q admittance dynamics

Mq ë
c
q(t) + Cq ė

c
q(t) +Kqe

c
q(t) = f̂q,n(t) + uq(t). (6)

Let xq(t) := [ qsp,n(t) q̇sp,n(t) ]
⊤. Equation (6) becomes

ẋq(t) = Aq xq(t) +Bq

(
uq(t) + νq(t) + dq

)
,

Aq :=

[
0 1

−Kq

Mq
− Cq

Mq

]
, Bq :=

[
0
1
Mq

]
,

where dq ∈ R is an unknown constant matched disturbance
representing wrench-estimation bias and unmodeled contact
terms, and

νq(t) := f̂q,n(t) +Mq r̈q,n(t) + Cq ṙq,n(t) +Kqrq,n(t)

is a known matched term. The desired reference model is

ẋref,q(t) = Aref,q xref,q(t) +Bref,q rq,n(t),

with xref,q(t) := [ qref,q(t) q̇ref,q(t) ]
⊤ and

Aref,q :=

[
0 1

−ω2
n,q −2ζqωn,q

]
, Bref,q :=

[
0

ω2
n,q

]
,

where ζq > 0 and ωn,q > 0, with settling time Tset,q ≈
4/(ζqωn,q). Define the admittance MRAC tracking error

emq (t) := xq(t)− xref,q(t) =

[
qsp,n(t)− qref,q(t)
q̇sp,n(t)− q̇ref,q(t)

]
.

The adaptive input is chosen in the direct MRAC form [17],

uq(t) = K̂q1(t) qsp,n(t) + K̂q2(t) q̇sp,n(t)

+ K̂qr(t) rq,n(t)− νq(t)− K̂qd(t),

where K̂q1(t), K̂q2(t), K̂qr(t), and K̂qd(t) are adaptive es-
timates. The term −νq(t) cancels the known matched term,
and K̂qd(t) compensates dq . Assume ideal matching con-
stants K⋆

q1,K
⋆
q2,K

⋆
qr,K

⋆
qd exist such that

Aq +Bq

[
K⋆
q1 K⋆

q2

]
= Aref,q,

BqK
⋆
qr = Bref,q,

K⋆
qd = dq.

Define the parameter errors

K̃qi(t) := K̂qi(t)−K⋆
qi, i ∈ {1, 2, r, d}.

Then the admittance MRAC error dynamics become

ėmq (t) = Aref,qe
m
q (t) +Bq

(
K̃q1(t)qsp,n(t)

+ K̃q2(t)q̇sp,n(t) + K̃qr(t)rq,n(t)− K̃qd(t)
)
.

(7)
Let Pq = P⊤

q ≻ 0 solve

PqAref,q +A⊤
ref,qPq = −Qq, Qq = Q⊤

q ≻ 0,

and define σq(t) := em⊤
q (t)PqBq . The adaptive laws are

˙̂
Kq1(t) = −Γq1 qsp,n(t)σq(t),

˙̂
Kq2(t) = −Γq2 q̇sp,n(t)σq(t),

˙̂
Kqr(t) = −Γqr rq,n(t)σq(t),

˙̂
Kqd(t) = Γqd σq(t),

with Γq1,Γq2,Γqr,Γqd ∈ R>0. For the Lyapunov function

V m
q (t) = em⊤

q (t)Pqe
m
q (t) +

K̃2
q1(t)

Γq1
+
K̃2
q2(t)

Γq2

+
K̃2
qr(t)

Γqr
+
K̃2
qd(t)

Γqd
,
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using (7) and the adaptive laws gives the derivative V̇ m
q (t) =

−em⊤
q (t)Qqe

m
q (t) ≤ 0. Thus, emq (t) and the parameter errors

are bounded. Under standard MRAC conditions, emq (t)→ 0.
The parameters (Mq, Cq,Kq) are updated online. Define

â1,q(t) :=
Ĉq(t)

M̂q(t)
, â0,q(t) :=

K̂q(t)

M̂q(t)
, b̂q(t) :=

1

M̂q(t)
.

Substituting into the admittance error dynamics (5) gives

ëcq(t) = −â1,q(t)ėcq(t)− â0,q(t)ecq(t) + b̂q(t)f̂q,n(t). (8)

Let xc
q(t) := [ ecq(t) ėcq(t) ]

⊤ and define

Âc
q(t) :=

[
0 1

−â0,q(t) −â1,q(t)

]
, Bc :=

[
0

1

]
.

Then the compliance error dynamics (8) becomes

ẋc
q(t) = Âc

q(t)x
c
q(t) +Bc b̂q(t)f̂q,n(t).

The ideal compliance model is specified by a⋆0,q = ω2
n,q ,

a⋆1,q = 2ζqωn,q , and b⋆q > 0, with

Ac⋆
q :=

[
0 1

−a⋆0,q −a⋆1,q

]
.

Let xm,q(t) be the state of the corresponding reference model

ẋm,q(t) = Ac⋆
q xm,q(t) +Bc b

⋆
q f̂q,n(t),

and define the compliance-model tracking error ecmq (t) :=
xc
q(t)− xm,q(t). The error dynamics are given by

ėcmq (t) = Ac⋆
q ecmq (t)+Bc

(
−ã1,q ėcq(t)−ã0,qecq(t)+b̃q f̂q,n(t)

)
,

with ã1,q(t) := â1,q(t)− a⋆1,q , ã0,q(t) := â0,q(t)− a⋆0,q , and
b̃q(t) := b̂q(t)− b⋆q . Let Pc

q = Pc⊤
q ≻ 0 solve

Ac⋆⊤
q Pc

q +Pc
qA

c⋆
q = −Qc

q, Qc
q = Qc⊤

q ≻ 0,

and define σc
q(t) := ecm⊤

q (t)Pc
qBc. For Γa1,q,Γa0,q,Γb,q ∈

R>0, consider the Lyapunov function

V c
q = ecm⊤

q (t)Pc
qe

cm
q (t) +

ã21,q
Γa1,q

+
ã20,q
Γa0,q

+
b̃2q
Γb,q

.

Choosing
˙̂a1,q(t) = Γa1,q ė

c
q(t)σ

c
q(t),

˙̂a0,q(t) = Γa0,q e
c
q(t)σ

c
q(t),

˙̂
bq(t) = −Γb,q f̂q,n(t)σc

q(t),

yields the derivative V̇ c
q (t) = −ecm⊤

q (t)Qc
qe

cm
q (t) ≤ 0, so

ecmq (t), ã1,q , ã0,q , and b̃q are bounded and ecmq (t) → 0 as
t→∞. The adaptive admittance parameters are then

M̂q(t) =
1

b̂q(t)
, Ĉq(t) =

â1,q(t)

b̂q(t)
, K̂q(t) =

â0,q(t)

b̂q(t)
.

The adaptive admittance for each channel is therefore

M̂q(t) ë
c
q(t) + Ĉq(t) ė

c
q(t) + K̂q(t) e

c
q(t) = f̂q,n(t) + uq(t),

where uq(t) drives qsp,n(t) toward the reference model, and
(M̂q, Ĉq, K̂q) define the adaptive admittance dynamics.

3.3 MRAC-Based Position Control
The MRAC position controller tracks the translational

components of qsp(t) by commanding inertial accelera-
tions on q ∈ {xn, yn, zn}. From (2), with xq(t) :=
[ qn(t) q̇n(t) ]

⊤ and upq (t) := an,q,cmd(t), the matched-
uncertainty model is

ẋq(t) = Axq(t) +B
(
upq (t) +Θ⊤

q Φq(t) + dq
)
,

with

A :=

[
0 1

0 0

]
, B :=

[
0

1

]
,

where dq ∈ R is an unknown constant matched disturbance,
Θq ∈ Rpq is an unknown parameter vector, and Φq(t) ∈ Rpq
is a known regressor. The pair (Θq, dq) represents unmod-
eled acceleration terms. From (2), define ρ⊤

q (t) := i⊤q R
n
b (t),

where iq is the unit vector along q ∈ {xn, yn, zn}. Then

Φq(t) :=



ρq1(t)fx,b(t)
ρq2(t)fy,b(t)
ρq3(t)fz,b(t)


 , pq = 3.

Choose a second-order reference model,

ẋp
ref,q(t) = Ap

ref,q x
p
ref,q(t) +Bp

ref,q qsp,n(t),

where xp
ref,q(t) := [ qpref,q(t) q̇pref,q(t) ]

⊤, and

Ap
ref,q :=

[
0 1

−ω2
p,q −2ζp,qωp,q

]
, Bp

ref,q :=

[
0

ω2
p,q

]
.

The parameters ωp,q > 0 and ζp,q > 0 tune the desired posi-
tion transient. The position MRAC tracking error is

epq (t) := xq(t)− xp
ref,q(t) =

[
qn(t)− qpref,q(t)
q̇n(t)− q̇pref,q(t)

]
.

The position control law on axis q is chosen as

upq (t) = K̂⊤
x,q(t)xq(t) + K̂r,q(t) qsp,n(t)

− Θ̂
⊤
q (t)Φq(t)− K̂d,q(t),

with adaptive parameters K̂x,q(t) ∈ R2, K̂r,q(t) ∈ R,
Θ̂q(t) ∈ Rpq , and K̂d,q(t) ∈ R. Assume ideal constants
K⋆
x,q ∈ R2, K⋆

r,q ∈ R, Θ⋆
q ∈ Rpq , and K⋆

d,q ∈ R such that

A+BK⋆⊤
x,q = Ap

ref,q, BK⋆
r,q = Bp

ref,q,

K⋆
d,q = dq, Θ⋆

q = Θq.
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Define the position MRAC parameter errors

K̃x,q(t) := K̂x,q(t)−K⋆
x,q, K̃r,q(t) := K̂r,q(t)−K⋆

r,q,

Θ̃q(t) := Θ̂q(t)−Θ⋆
q , K̃d,q(t) := K̂d,q(t)−K⋆

d,q.

Then the error dynamics for the position controller are

ėpq (t) = Ap
ref,q e

p
q (t) +B

(
K̃⊤
x,q(t)xq(t) + K̃r,q(t) qsp,n(t)

− Θ̃
⊤
q (t)Φq(t)− K̃d,q(t)

)
.

Let Pp
q = Pp⊤

q ≻ 0 solve

Pp
qA

p
ref,q +Ap⊤

ref,qP
p
q = −Qp

q , Qp
q = Qp⊤

q ≻ 0.

Define σp
q (t) := ep⊤q (t)Pp

qB. Use the Lyapunov function

V p
q (t) = ep⊤q (t)Pp

q e
p
q (t) + K̃⊤

x,q(t)Γ
−1
x,q K̃x,q(t)

+
K̃2
r,q(t)

Γr,q
+ Θ̃

⊤
q (t)Γ

−1
Θ,q Θ̃q(t) +

K̃2
d,q(t)

Γd,q
,

with Γx,q,ΓΘ,q ≻ 0 and Γr,q,Γd,q > 0. Choosing

˙̂
Kx,q(t) = −Γx,q xq(t)σp

q (t),

˙̂
Kr,q(t) = −Γr,q qsp,n(t)σp

q (t),

˙̂
Θq(t) = ΓΘ,qΦq(t)σ

p
q (t),

˙̂
Kd,q(t) = Γd,q σ

p
q (t),

yields the derivative V̇ p
q (t) = −ep⊤q (t)Qp

qe
p
q (t) ≤ 0. There-

fore, epq (t) and the parameter errors are bounded. Under stan-
dard MRAC conditions, epq (t) → 0, provided the inner loop
and allocation track within actuator limits.

4 RESULTS

The setup uses a body-mounted rigid contact arm whose
tip contacts the free tip of a wall-mounted cantilever beam, as
shown in Fig. 3. The beam acts as a compliant environment
and generates an external wrench through the arm-tip reaction
force. The beam centerline is aligned with x̂n := [ 1 0 0 ]⊤

and has length LB. The UAV starts at pn(0) = [0 0 0]⊤ and
tracks the undeformed beam-tip reference pT0,n := [1 1 −
1]⊤ over Tarr = 10 s. The beam base is fixed at p0,n :=
pT0,n − LB x̂n. This setup evaluates free-flight and contact
operation without controller switching.

Let âb ∈ R3 be the unit contact-arm axis fixed in Fb,
s(t) ∈ [0, smax] the prescribed tip offset along this axis, and
ra,b ∈ R3 the arm base. The arm-tip position and velocity are

rc,b(t) = ra,b + s(t) âb, ṙc,b(t) = ṡ(t) âb.

The contact position and velocity in Fn are

pc,n(t) = pn(t) +Rn
b (t) rc,b(t),

vc,n(t) = ṗn(t) +Rn
b (t)

(
ωb(t)× rc,b(t) + ṙc,b(t)

)
.

𝓕𝒏 𝐿ℬ

𝐩0,𝑛

𝐩𝑐,𝑛

ො𝑥𝑛

𝓕𝒃
ො𝑥𝑏

Ƹ𝑧𝑏

𝐩𝑇0,𝑛

Figure 3: yb-axis contact arm approaching a cantilever beam.

The beam-tip deformation in Fn is described by ξ(t) ∈ R3,

pT,n(t) = pT0,n + ξ(t), vT,n(t) = ξ̇(t).

The tip compliance is modeled by decoupled mass–spring–
damper dynamics along the three inertial-frame axes:

MB ξ̈(t) +CB ξ̇(t) +KB ξ(t) = fT,n(t),

where MB,CB,KB ∈ R3×3 are mass, damping, and stiff-
ness with MB ≻ 0, CB ⪰ 0, and KB ⪰ 0, and fT,n(t) ∈ R3

is the tip force in Fn. Define the relative displacement and
velocity between the arm tip and beam tip as

dp(t) := pc,n(t)−pT,n(t), dv(t) := vc,n(t)−vT,n(t).

Let ân(t) := Rn
b (t)âb denote the contact-arm axis in Fn.

Define the scalar contact penetration and penetration rate as

δ(t) := max{0, ân(t)⊤dp(t)}, δ̇(t) := I{δ(t)>0} ân(t)
⊤dv(t).

Here I{δ(t)>0} = 1 in contact and 0 otherwise. With contact
stiffness kc > 0 and damping bc ≥ 0, the contact force is

fT,n(t) := max{0, kc δ(t) + bc δ̇(t)} ân(t). (9)

The external wrench on the vehicle in Fb is

we,b(t) :=

[
−Rb

n(t) fT,n(t)
rc,b(t)×

(
−Rb

n(t) fT,n(t)
)
]
.

The prescribed tip offset s(t) ramps to s⋆, holds for Thold,
and ramps down symmetrically. The initial ramp is

s(t) =
s⋆
2

(
1− cos

(
π
t− T1
Tramp

))
, t ∈ [T1, T1 + Tramp].

In all simulations, 0 ≤ s(t) ≤ 0.02 m, s⋆ = 0.02 m, T1 = 10
s, Tramp = 3 s, and Thold = 20 s. The contact wrench is
applied only for t ≥ T1, with we,b(t) = 0 for t < T1. Let
Tc := [t−c , t

+
c ] denote the contact interval, with t−c ≥ T1

and |Tc| := t+c − t−c . Two interaction cases are considered:
yb-axis and zb-axis interaction with parametric uncertainty.
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Simulations are performed in MATLAB R2024b with
Simscape Multibody using the vehicle parameters in Table 1
and a single controller parameter set across all cases with
Ts = 1 ms. For each q ∈ {xn, yn, zn, ψ}, the admit-
tance is second order with Mq = 1, ζq = 1, T c

set,q = 2 s,
ωn,q = 4/(ζqT

c
set,q), Kq = Mqω

2
n,q , and Cq = 2ζqMqωn,q .

The admittance reference model uses Tset,q = 1.5T c
set,q and

ζq = 1, with Γq1 = Γq2 = Γqr = Γqd = 50 and the adap-
tive admittance parameters initialized at the fixed-admittance
values. The position MRAC reference model is critically
damped with T p

set = 1 s. The contact force limit Fmax,c is
set to 60% of the available thrust margin above hover and
is enforced by saturating the penetration at δmax so that (9)
does not exceed Fmax,c. All beam and contact parameters are
listed in Table 2.

Table 1: Vehicle and rotor model parameters.

Parameter Value
Vehicle mass (m) 0.95 kg

Thrust coefficient (kf ) 1.21× 10−6 Ns2/rad2

Reaction torque coefficient (km) 1.04×10−8 Nms2/rad2

Motor time constant (τ ) 0.15 s

Min rotor speed (ωmin) 350 rad/s

Max rotor speed (ωmax) 1774 rad/s

Rotor tilt angle (β) 31◦

Arm length (l) 88.5 mm

Top rotor vertical offset (ht) 35 mm

Bottom rotor vertical offset (hb) 20 mm

Table 2: Beam and contact parameters.

Parameter Value
Beam length (LB) 1 m

Tip mass (MB) diag(0.10, 0.02, 0.02) kg

Tip damping (CB) diag(204.74, 0.25, 0.25) N s/m

Tip stiffness (KB) diag(2.6×106, 10.78, 10.78) N/m

Contact force limit (Fmax,c) 12 N

Penetration limit (δmax) 0.02 m

Contact stiffness (kc) 600 N/m

Contact damping (bc) 2.41 N s/m

4.1 yb-axis interaction with parametric uncertainty
For the yb case, âb = [ 0 1 0 ]⊤ and ân(t) = Rn

b (t)âb,
as shown in Fig. 3. The UAV reaches pT0,n by Tarr, after
which we,b(t) is applied. Results compare FA with constant
parameters against adaptive admittance (AA) with online up-
dates and MRAC augmentation. Fig. 4 shows AA position
tracking over the full task, while FA–AA differences are eval-
uated in the contact-response plots. Fig. 5 compares â⊤npn
and â⊤nqsp,n. AA has smaller post-contact tracking error and
reduced oscillations, indicating better interaction-axis track-

ing. Figs. 6 and 7 show greater beam-tip deformation during
the prescribed arm motion, while the contact force remains
below Fmax,c.
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Figure 6: yb-axis case: beam-tip deformation components.

For robustness, the beam matrices are scaled as MB ←
αMB, CB ← αCB, and KB ← αKB, with α ∈
{0.25, 1.00, 1.25}. Over Tc = [t−c , t

+
c ], define ea(t) :=

ân(t)
⊤(pn(t) − qsp,n(t)

)
and MAEa := 1

|Tc|
∫ t+c
t−c
|ea(t)| dt.

The force metrics are Fâ,max := maxt∈Tc

∣∣ân(t)⊤fT,n(t)
∣∣

and Fâ,MA := 1
|Tc|

∫ t+c
t−c

∣∣ân(t)⊤fT,n(t)
∣∣ dt, and the defor-

mation metric is ξmax := maxt∈Tc

∣∣ân(t)⊤ξ(t)
∣∣. Table 3

shows that AA reduces MAEa and increases ξmax for all α.
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Figure 7: yb-axis case: interaction-axis contact force.

Table 3: yb-axis case: robustness under parameter scaling.

α Metric FA AA
0.25 MAEa (m) 6.46× 10−4 5.51× 10−4

Fâ,max (N) 0.0718 0.0810

Fâ,MA (N) 0.0267 0.0467

ξmax (m) 1.78× 10−2 2.01× 10−2

1.00 MAEa (m) 1.50× 10−3 9.66× 10−4

Fâ,max (N) 0.205 0.317

Fâ,MA (N) 0.0449 0.183

ξmax (m) 1.27× 10−2 1.96× 10−2

1.25 MAEa (m) 1.82× 10−3 1.13× 10−3

Fâ,max (N) 0.237 0.394

Fâ,MA (N) 0.0486 0.227

ξmax (m) 1.17× 10−2 1.95× 10−2

Greater deformation accompanies higher mean and peak con-
tact forces, with Fâ,max ≤ 0.394 N≪ Fmax,c = 12 N.

4.2 zb-axis interaction with parametric uncertainty
For the zb case, âb = [ 0 0 1 ]⊤, as shown in Fig. 8;

FA and AA use the same contact profile. The AA full-task
position response remains bounded and reaches the target, as
in the yb case. Figs. 9–11 show that AA reduces post-contact
offset and oscillations and produces greater beam-tip defor-
mation than FA under the same contact profile. The robust-
ness study uses the same beam-parameter scaling as in Sec-
tion 4.1, with α ∈ {0.75, 1.00, 1.25}. Table 4 shows that
AA reduces MAEa and increases ξmax for all α. Greater de-
formation accompanies higher mean and peak contact forces,
with Fâ,max ≤ 0.397 N≪ Fmax,c = 12 N.

5 CONCLUSION

This paper presented an MRAC-based admittance archi-
tecture for aerial physical interaction. The admittance uses
an MRAC input and Lyapunov-based parameter updates to
follow a reference compliance model, while the MRAC po-
sition controller compensates matched translational uncer-
tainty. The subsystem analyses establish bounded tracking
and parameter errors under the stated assumptions. Simula-
tions show reduced interaction-axis tracking error and greater
beam-tip deformation relative to FA without exceeding the
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Figure 8: zb-axis contact arm approaching a cantilever beam.

0 10 20 30 40 50

Time t (s)

0

0:5

1

P
os

it
io

n
â
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Figure 10: zb-axis case: beam-tip deformation components.
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Table 4: zb-axis case: robustness under parameter scaling.

α Metric FA AA
0.75 MAEa (m) 1.26× 10−3 1.25× 10−4

Fâ,max (N) 0.152 0.242

Fâ,MA (N) 0.0596 0.142

ξmax (m) 1.25× 10−2 1.99× 10−2

1.00 MAEa (m) 1.71× 10−3 1.34× 10−4

Fâ,max (N) 0.184 0.322

Fâ,MA (N) 0.0654 0.189

ξmax (m) 1.13× 10−2 1.97× 10−2

1.25 MAEa (m) 2.29× 10−3 1.43× 10−4

Fâ,max (N) 0.210 0.397

Fâ,MA (N) 0.0697 0.233

ξmax (m) 1.04× 10−2 1.96× 10−2

contact force limit. Future work will extend the Lyapunov
analysis to the coupled adaptive loops and validate the pro-
posed architecture on the FT-X8 hardware.
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Variable Admittance Control for Obstacle Separation in
Aerial Manipulation

Pedro H. M. Souza, Karl Stol*, and Ishaq Hafez
Department of Mechanical and Mechatronics Engineering, University of Auckland, Auckland 1010, New Zealand

ABSTRACT

This paper presents variable admittance control
for elastic obstacle separation using a fully actu-
ated fixed-tilt octorotor aerial manipulator. The
vehicle carries a single-actuator spreading mech-
anism that applies opposing contact forces to
separate elastic obstacles while limiting the re-
sultant interaction force on the vehicle. The con-
troller modifies the reference motion using the
estimated translational force and yaw moment,
while the wrench estimator uses online recur-
sive least-squares (RLS) correction to compen-
sate for unmodeled aerodynamic effects. The ad-
mittance parameters vary channel-wise as func-
tions of the estimated wrench component, ob-
stacle distance, and actuator saturation, produc-
ing stiff free-flight tracking and compliant con-
tact response without mode switching. An ex-
periment demonstrates bounded vehicle motion
during sustained separation of two elastic bars.

1 INTRODUCTION

Aerial manipulation enables unmanned aerial vehicles
(UAVs) to perform tasks requiring physical interaction with
the environment. Contact inspection, repair, human-UAV in-
teraction, and plant sampling require the vehicle to regulate
interaction forces while maintaining stable flight [1, 2, 3, 4].
In agricultural and ecological applications, the target region
may be obstructed by branches, twigs, or other elastic obsta-
cles [5, 6]. The vehicle may need to displace these obstacles
before inspection or sampling, requiring force regulation and
sufficient actuation authority.

Fully actuated multirotors are suitable for aerial physical
interaction because they reduce the coupling between transla-
tional force generation and attitude regulation. Rashad et al.
[7] reviewed fully actuated multirotor concepts, while Ryll et
al. [8] and Bodie et al. [9] demonstrated interaction control on
platforms capable of regulating interaction forces. Existing
designs use active rotor tilting, thrust-vectoring mechanisms,
or fixed-tilt rotor layouts [10, 11, 7]. Active rotor-tilting and
thrust-vectoring designs increase body-wrench authority, but
require additional actuators and more complex control allo-
cation. Fixed-tilt platforms provide a simpler alternative by

*Email address: k.stol@auckland.ac.nz

Figure 1: Contact experiment between the smaller fixed-tilt
multirotor and a vertical flexible rod [13].

using canted rotors to generate horizontal thrust components
without requiring large roll or pitch angles [12, 13]. A prior
flexible-rod contact experiment with the smaller fixed-tilt
platform is shown in Fig. 1. However, this simpler config-
uration comes at the cost of reduced endurance. When con-
tact loads are transmitted through the vehicle, the achievable
contact force is bounded by the available horizontal thrust.
Elastic obstacle separation, such as separating flexible tree
branches, can require large local contact forces while lim-
iting the resultant force transmitted to the UAV. This moti-
vates a spreading mechanism that generates the separation
load through opposing contact forces, reducing the horizontal
thrust required from the UAV.

The mechanism increases local contact-force capability,
but interaction control remains necessary. Admittance con-
trol addresses this problem by mapping the estimated external
wrench to reference motion through virtual inertia, damping,
and stiffness [4, 14, 15]. In free flight, high virtual stiffness
improves reference tracking and disturbance rejection. Dur-
ing contact, excessive virtual stiffness can increase interac-
tion forces and destabilize the coupled vehicle–environment
response, while excessive compliance can degrade position-
ing accuracy. A fixed-admittance controller uses constant vir-
tual parameters in free flight and contact, requiring a compro-
mise between tracking and compliance. Variable admittance
instead updates the virtual inertia, damping, and stiffness on-
line, producing stiff free-flight behavior and compliant con-
tact response without mode switching [9, 16, 17].

This paper contributes a task-specific system that in-
tegrates variable-admittance control and wrench estimation
with an opposing-force spreading mechanism for elastic ob-
stacle separation. The single-actuator mechanism generates
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Figure 2: FT-X8 geometry: (a) spreading direction ŝb = ŷb and (b) cβ = cosβ, sβ = sinβ.

opposing local contact forces, while four channel-wise ad-
mittance filters vary their virtual inertia and stiffness accord-
ing to the corresponding estimated wrench component, obsta-
cle distance, and actuator saturation. Online recursive least-
squares (RLS) estimation corrects the applied rotor-wrench
and gravity-induced moment terms used by the wrench esti-
mator, and the resulting external-wrench estimate drives the
translational and yaw admittance channels. The resulting sys-
tem operates continuously between free flight and contact
without explicit mode switching and is evaluated during sus-
tained bilateral spreading.

2 SYSTEM OVERVIEW

The aerial manipulator is a fully actuated fixed-tilt octoro-
tor, denoted FT-X8. The FT-X8 extends the compact fixed-tilt
platform used for flexible-cantilever interaction in [12, 13] by
incorporating an opposing-force spreading mechanism. Its
eight rotors are arranged in four coaxial pairs with a common
cant angle β, as shown in Fig. 2. This layout generates body-
frame horizontal thrust components and enables lateral trans-
lation while maintaining a near-level attitude. The rotor-to-
rotor diameterD is approximately 37% larger than that of the
platform in [13]. The rotors regulate vehicle motion, while
the spreading mechanism supplies the local contact forces re-
quired for elastic obstacle separation.

Let Fn denote the inertial frame and Fb the body-fixed
frame attached to the vehicle center of mass. The inertial
frame follows the North-East-Down (NED) convention, with
ẑn = [ 0 0 1 ]⊤ pointing downward. The body-frame unit
vectors x̂b, ŷb, and ẑb are shown in Fig. 2. The vehicle po-
sition and attitude are pn(t) := [xn(t) yn(t) zn(t) ]

⊤

and η(t) := [ϕ(t) θ(t) ψ(t) ]⊤, where η follows the
ZYX Euler convention. The rotation matrix Rn

b (t) ∈ SO(3)
maps vectors from Fb to Fn, with Rb

n(t) := (Rn
b (t))

⊤.
The body-frame linear and angular velocities are vb(t) :=
[ vx,b(t) vy,b(t) vz,b(t) ]

⊤ and ωb(t) := [ p(t) q(t) r(t) ]⊤.

The external wrench is we,b(t) := [ f⊤e,b(t) τ⊤
e,b(t) ]

⊤.
The rigid-body dynamics and fixed-tilt rotor model fol-

low [12, 13]. Let m > 0, g > 0, and J ≻ 0 denote the
total mass, gravitational acceleration, and inertia matrix. The
rotor-generated body wrench is wb(t) := [ f⊤b (t) m⊤

b (t) ]
⊤.

With the rotor thrust vector fr(t) := [ f1(t) · · · f8(t) ]⊤, the
allocation model is wb(t) = Λfr(t), where Λ ∈ R6×8. Since
rank(Λ) = 6, the vehicle is fully actuated.

The spreading mechanism is mounted on the front arms
and driven by a Dynamixel MX-64 servomotor through a
lead-screw linkage. It produces approximately parallel mo-
tion at the two contact points during actuation. As shown
in Fig. 2a, the maximum contact-point separation is denoted
dm,max, and the contact-point clearance dcp is the minimum
distance from either contact point to the nearest propeller
disk. The 6S LiPo battery counterweights the manipulator
to reduce the center-of-mass offset.

Let ŝb := ŷb denote the body-frame spreading direction.
For the two obstacle contacts, the contact forces are

fc,1,b = F1ŝb, fc,2,b = −F2ŝb,

where F1, F2 ≥ 0 are the contact force magnitudes. The
reaction force transmitted to the vehicle is

fm,b = −fc,1,b − fc,2,b = (F2 − F1)ŝb.

For symmetric obstacle separation, the bars have approxi-
mately equal stiffness, so F1 ≈ F2. The mechanism therefore
applies a pair of opposing local contact forces, producing a
small resultant force on the vehicle. The variable-admittance
channels use an estimate of the resultant external wrench,
ŵe,b, rather than the individual contact forces F1 and F2, be-
cause only their net effect enters the vehicle dynamics. For
unequal bar stiffness, F1 ̸= F2, so fm,b ̸= 0. Because
the contact points are offset from the vehicle center of mass,
this imbalance may also produce an external moment about

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 48



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-5 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

Position 

Controller

Velocity 

Controller

Attitude 

Controller

Rate 

Controller

Control Allocation 

𝚲+ ∈  ℝ6 ×8
Octorotor 

Dynamics

Bell-shaped Function 

𝑎 𝑡 , 𝑏(𝑡)
Online RLS

External Wrench 

Estimator

Extended 

Kalman Filter

Variable Admittance Controller 

𝑴𝑛 𝑡 , 𝑪𝑛 𝑡 , 𝑲𝑛 𝑡

𝐦𝑏(𝑡)

𝝆𝑑𝑒𝑠(𝑡)

𝐫𝑟(𝑡) 𝝎𝑟(𝑡)

ෝ𝝎𝑏(𝑡)

𝜓𝑟(𝑡)

ሶ𝐫𝑟(𝑡)

𝐟𝑏(𝑡)

𝐮(𝑡)

𝐩𝑛 𝑡 , 𝐯𝑏 𝑡 , 𝜼 𝑡 , 𝝎𝑏(𝑡)

ෝ𝜼(𝑡)ො𝐯𝑏(𝑡)ෝ𝐩𝑛(𝑡)

𝐚b 𝑡 , 𝝎𝑏(𝑡)
መ𝐡 𝑡 = መ𝑓𝑒,𝑥,𝑏, መ𝑓𝑒,𝑦,𝑏, መ𝑓𝑒,𝑧,𝑏, Ƹ𝜏𝑒,𝑧,𝑏

⊤

መ𝐡 𝑡

෠ℎ𝑞 𝑡

ෝ𝒘𝑎,b 𝑡 , ො𝝉𝑔,𝑏(𝑡)𝑀𝑞 𝑡 , 𝐶𝑞 𝑡 , 𝐾𝑞(𝑡)

𝐮(𝑡) = 𝑢1 𝑡  ⋯ 𝑢8 (𝑡) ⊤

𝐰𝑒,𝑏(𝑡)

𝜇 𝑡 , 𝑑𝑐 𝑡

𝐮 𝑡 , ෝ𝜼 𝑡 , 𝐚𝑏 𝑡 , 𝝎𝑏(𝑡)

Figure 3: Variable admittance control architecture.

Table 1: FT-X8 with spreading mechanism parameters.

Parameter Value
Motor model T-Motor U5-400
Propeller CF NS16x5.4
Rotor cant angle, β 30◦

Rotor-to-rotor diameter, D 0.625 m

Total mass, m 7.1 kg

Manipulator mass 1.8 kg

Maximum horizontal thrust 19.7 N

Manipulator maximum load 115 N

Maximum separation, dm,max 0.463 m

Contact-point clearance, dcp 0.225 m

ẑb. The estimated force and yaw moment drive the trans-
lational and yaw admittance channels, respectively. Perfor-
mance under this imbalance depends on wrench-estimation
accuracy and available body-wrench authority. The attainable
local contact force is constrained primarily by the manipu-
lator maximum load, whereas the available horizontal thrust
constrains the resultant force transmitted to the vehicle.

The vehicle pose is measured by a Vicon motion-capture
system. An offboard MATLAB/Simulink interface ex-
changes position setpoints and pose measurements with a
Pixhawk 4 running the PX4 flight stack [18] over MAVLink.
The spreading mechanism is commanded separately, while
PX4 tracks the admittance-shaped reference.

3 VARIABLE ADMITTANCE CONTROL

The outer admittance loop modifies the desired reference
to generate an admittance-shaped reference, which is tracked
by the inner PX4 flight controller, as shown in Fig. 3. The
desired translational reference is expressed in Fb as

rdes(t) := [xdes(t) ydes(t) zdes(t) ]
⊤,

with desired yaw angle ψdes(t). The admittance loop gener-
ates the compliant translational reference

rr(t) := [xr(t) yr(t) zr(t) ]
⊤

and yaw reference ψr(t). The combined references are

ρdes(t) := [ r⊤des(t) ψdes(t) ]
⊤, ρr(t) := [ r⊤r (t) ψr(t) ]

⊤.

The admittance loop uses the body-frame external wrench
estimate ŵe,b(t) := [ f̂⊤e,b(t) τ̂⊤

e,b(t) ]
⊤. This estimate is

obtained by combining an acceleration-based force observer
and an angular-momentum-based external-moment observer
using accelerometer and gyroscope measurements and the
rotor-generated wrench, without requiring a force/torque sen-
sor. The PX4 state estimator provides the vehicle-state inputs
to these observers. The force and moment observers compute
ŵe,b(t) using RLS-corrected model terms. The specific force
measured by the accelerometer, expressed in Fb, is

ab(t) = Rb
n(t)

(
p̈n(t)− gẑn

)
.

Let ŵa,b(t) := [ f̂⊤a,b(t) τ̂⊤
a,b(t) ]

⊤ denote the RLS-corrected
applied rotor wrench, and let τ̂ g,b(t) denote the moment from
the estimated center-of-mass offset. The body-frame external
force and moment observers are

f̂e,b(t) = Kf

∫ t

0

(
mab(σ)− f̂a,b(σ)− f̂e,b(σ)

)
dσ, (1)

τ̂ e,b(t) = Kτ

[
Jωb(t)−

∫ t

0

(
Jωb(σ)× ωb(σ) + τ̂ g,b(σ)

+ τ̂ a,b(σ)− τ̂ e,b(σ)
)
dσ

]
.

(2)
Here, Kf ≻ 0 and Kτ ≻ 0 are force and moment estimator
gain matrices. A small dead zone is applied to the estimated
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wrench components to suppress sensor-noise-induced residu-
als near the zero-wrench condition.

The RLS block updates estimates of the constant parame-
ters used in ŵa,b(t) and τ̂ g,b(t) [19]. It corrects the rotor-
wrench model for aerodynamic interference in the canted
coaxial pairs and the center-of-mass offset introduced by the
spreading mechanism. The RLS update corrects only the
rotor-wrench and gravity-induced moment terms online. The
estimator is initialized from free-flight data and uses actuator
commands and onboard inertial measurements. The corrected
terms are used in the wrench estimator before the residual ex-
ternal wrench is computed. The RLS block does not estimate
contact forces directly or change the admittance law.

For the admittance law, the full wrench estimate is re-
duced to the translational force components and the body z-
axis moment. The four-channel admittance input is

ĥ(t) := [ f̂e,x,b(t) f̂e,y,b(t) f̂e,z,b(t) τ̂e,z,b(t) ]
⊤,

where τ̂e,z,b(t) is the estimated moment about ẑb. Roll and
pitch remain regulated by the inner attitude controller and are
therefore excluded from the admittance input.

The virtual inertia, damping, and stiffness matrices are

Mn(t) = diag
(
Mx(t),My(t),Mz(t),Mψ(t)

)
,

Cn(t) = diag
(
Cx(t), Cy(t), Cz(t), Cψ(t)

)
,

Kn(t) = diag
(
Kx(t),Ky(t),Kz(t),Kψ(t)

)
.

The diagonal structure gives four decoupled admittance filters
for the translational components in Fb and yaw. For each
channel q ∈ Q := {x, y, z, ψ}, the scalar admittance input is

ĥq(t) :=

{
f̂e,q,b(t), q ∈ {x, y, z},
τ̂e,z,b(t), q = ψ.

The channel-wise admittance equation for q is

Mq(t)
(
ρ̈r,q(t)− ρ̈des,q(t)

)
+ Cq(t)

(
ρ̇r,q(t)− ρ̇des,q(t)

)

+Kq(t)
(
ρr,q(t)− ρdes,q(t)

)
= ĥq(t).

Each bell-shaped law uses the scalar channel input ĥq(t), not
the full vector ĥ(t). The inertia and stiffness are defined by
generalized bell-shaped functions [20]. For each q ∈ Q,

Mq(t) =Mq,min +
Mq,max −Mq,min

1 +
∣∣∣ ĥq(t)
a(t)

∣∣∣
2b(t)

, (3)

and
Kq(t) = Kq,min +

Kq,max −Kq,min

1 +
∣∣∣ ĥq(t)
a(t)

∣∣∣
2b(t)

. (4)

The bounds satisfy 0 < Mq,min < Mq,max and 0 <
Kq,min < Kq,max. For small wrench components, (3) and (4)

remain nearMq,max andKq,max, producing stiff tracking and
disturbance rejection. For larger wrench components, Mq(t)
and Kq(t) approach Mq,min and Kq,min, increasing compli-
ance during contact. The damping coefficient is set to

Cq(t) = 2
√
Mq(t)Kq(t), q ∈ Q,

which sets each channel damping ratio to one.
The distance to the obstacles and actuator saturation mod-

ify the bell-shaped admittance law. Let dc(t) ≥ 0 denote the
minimum distance from the manipulator contact points to the
two elastic obstacles, with dc(t) = 0 during contact. The
distance-dependent shape parameter is

b(t) = b1 − b2 exp
(
−4dc(t)

b3

)
, (5)

where b1 > b2 > 0 and b3 > 0. When the vehicle is far
from the obstacles, dc(t) is large and b(t) ≈ b1, producing
a sharper transition that keeps the virtual inertia and stiffness
near their maximum values for small estimated wrench com-
ponents. As the vehicle approaches contact, b(t) decreases
toward b1 − b2, and the smoother transition makes the virtual
inertia and stiffness decrease at lower wrench magnitudes.

The bell-shaped law is also adjusted by actuator saturation
so that compliance increases near actuator limits. Let u(t) :=
[u1(t) · · · u8(t) ]⊤ ∈ [umin, umax]

8 denote the motor pulse-
width-modulation (PWM) command vector, where umin =
1000 µs, umax = 2000 µs, and u0 := (umin + umax)/2 =
1500 µs. The raw saturation factor is

µr(t) =
∥u(t)− u018∥∞
umax − u0

, (6)

so that µr(t) = 0 when all commands are centered at 1500 µs
and µr(t) = 1 when at least one motor reaches a saturation
limit. A first-order low-pass filter is applied to µr(t) to ob-
tain the filtered saturation factor µ(t) ∈ [0, 1] and avoid rapid
parameter variation. The bell-width parameter is

a(t) = a1 − µ(t), (7)

where a1 > 1 sets the maximum bell width. As actuator
saturation is approached, µ(t) increases and a(t) decreases,
so Mq(t) and Kq(t) decrease at smaller wrench magnitudes,
increasing compliance near actuator limits.

Equations (3)–(7) define the admittance parameters as
functions of the estimated wrench component ĥq(t), obsta-
cle distance dc(t), and filtered saturation factor µ(t). Thus,
the same admittance law applies in free flight and contact,
without explicit switching between modes.

Table 2 lists the admittance bounds for the translation axes
(xb, yb, zb) and yaw ψ, the bell-shaped law parameters, and
the saturation-filter time constant. The bounds were selected
so that Mq(t) and Kq(t) remain high in free flight and de-
crease during contact and near actuator saturation.
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Table 2: Admittance parameters for obstacle separation.

Parameter Translation axes Yaw
Mmin 1 kg 10 kgm2

Mmax 10 kg 100 kgm2

Kmin 25 N/m 8 Nm/rad

Kmax 50 N/m 10 Nm/rad

Bell-shaped law parameters a1 = 2.5, b1 = 5, b2 = 3.5, b3 = 2 m

Saturation-filter time constant τµ = 5 s

Estimated wrench component ĥq
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Figure 4: Effect of a(t) and b(t) on the stiffness law.

Fig. 4 illustrates the stiffness variation in (4) using the
translational stiffness bounds from Table 2. The four curves
correspond to combinations of obstacle distance and actuator
saturation factor. For large dc, b ≈ b1, while near contact
b ≈ b1 − b2. Low saturation gives µ ≈ 0 and a ≈ a1, while
high saturation increases µ and reduces a. A larger a keeps
Kq near Kmax over a wider range of |ĥq|, so the drop toward
Kmin occurs at larger wrench magnitudes. A larger b keeps
the response stiff for small wrench magnitudes and makes the
transition to the compliant region sharper. The inertia law in
(3) follows the same dependence on ĥq(t), a(t), and b(t).

4 EXPERIMENTAL VALIDATION

The variable admittance controller is evaluated on the FT-
X8 aerial manipulator during elastic obstacle separation. The
experiment uses the equal-stiffness test rig shown in Fig. 5,
where two vertical bars are restrained by elastic bands to em-
ulate elastic obstacles. As the spreading mechanism opens,
it contacts and separates the two bars while the vehicle re-
mains under position control. This setup evaluates whether
the controller maintains bounded vehicle motion while the
mechanism applies large local contact forces during sustained

bilateral contact.

Elastic
Bands

Elastic
Bands Test Rig

FT-X8
UAV

Bar

Bar

Manipulator

xb ^ 

zb ^ 

Figure 5: Experimental setup for elastic obstacle separation.

The vehicle is commanded to hover with the admittance
controller active and then approach the center of the test rig
until the spreading mechanism is positioned between the bars
and the vehicle body-frame ŷb axis is aligned with the test-
rig normal. After the mechanism is inserted between the
bars, the servomotor drives the spreading mechanism grad-
ually through its opening and closing motion, with both con-
tact points remaining in contact with the elastic bars. The
measured stiffness of each bar along ŷb is 387 N/m. Based
on this stiffness and the full-opening displacement, full open-
ing corresponds to an inferred local force of nearly 88 N per
bar. This inferred local force is 4.5 times the maximum hori-
zontal thrust listed in Table 1.

In Figs. 6 and 7, the green shaded region denotes the bilat-
eral spreading phase, during which both contact points remain
in contact with the bars as the mechanism opens and closes.
The unshaded portions correspond to vehicle positioning be-
fore and after bilateral contact. In Fig. 6, for each plotted
component q ∈ {x, y, z, ψ}, the desired reference is denoted
by ρdes,q , the admittance-shaped reference by ρr,q , the PX4
estimate by ρq , and the Vicon measurement by ρq,Vicon.

Fig. 6 shows the vehicle motion during spreading. The
PX4 estimate and Vicon measurement follow the same
horizontal-motion trend. During bilateral spreading, the
admittance-shaped reference intentionally deviates from the
desired reference because the variable admittance law mod-
ifies the reference in response to the estimated interaction
wrench instead of enforcing rigid tracking of the desired ref-
erence. The horizontal reference deviations persist through-
out the bilateral phase, indicating sustained compliance rather
than a short contact transient. The desired vertical reference
remains nearly constant, while the Vicon measurement varies
by 0.041 m peak to peak over the interval shown.

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 51



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-5 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

Time t (s)
0 20 40 60 80 100

P
o
si
ti
o
n

x
(m

)

0

0:1

0:2

0:3
;des;x(t) ;r;x(t) ;x;Vicon(t) ;x(t)

(a) x response.

Time t (s)
0 20 40 60 80 100

P
o
si
ti
o
n

y
(m

)

0

0:1

0:2

0:3
;des;y(t) ;r;y(t) ;y;Vicon(t) ;y(t)

(b) y response.

Time t (s)
0 20 40 60 80 100

P
o
si
ti
o
n

z
(m

)

!1:4

!1:3

!1:2

!1:1 ;des;z(t) ;r;z(t) ;z;Vicon(t) ;z(t)

(c) z response.

Time t (s)
0 20 40 60 80 100

Y
aw

A
(d

eg
)

!2

!1

0

1

2
Ades(t) Ar(t) AVicon(t) A(t)

(d) Yaw response.

Figure 6: Vehicle motion during the spreading experiment. The shaded region marks the bilateral spreading phase.
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Figure 7: RLS-corrected external wrench estimate during the spreading experiment, expressed in the body frame. The compo-
nent plots show the dominant interaction directions, while the norms summarize the force and moment magnitudes.
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The root-mean-square (RMS) yaw-tracking error rela-
tive to ψr over the bilateral spreading phase was 0.293◦

for the PX4 estimate ψ and 0.310◦ for the Vicon measure-
ment ψVicon. The corresponding maximum absolute yaw-
tracking errors were 1.14◦ and 1.19◦, respectively. During
bilateral spreading, the maximum raw saturation factor com-
puted from the eight motor PWM commands using (6) was
µr,max = 0.334, corresponding to a minimum PWM margin
of ∆umin = 333 µs to the nearest saturation limit. The motor
PWM commands remained within 1422–1667 µs during this
phase, and no motor command reached the 1000 or 2000 µs
limits. The response therefore shows bounded vehicle motion
while retaining actuator authority during separation.

Fig. 7 shows the RLS-corrected external wrench estimate.
The estimated force components and force norm increase dur-
ing bilateral spreading and decrease after bilateral contact
ends, indicating sustained obstacle interaction. The domi-
nant force component is along the body ŷb axis, which is
the spreading direction ŝb, and has a peak magnitude of ap-
proximately 1.56 N. The peak absolute force components are
approximately 0.93 N, 1.56 N, and 1.37 N along the x̂b, ŷb,
and ẑb axes, respectively, and the peak force norm is approx-
imately 2.11 N. The peak absolute moment components are
approximately 0.30 Nm, 0.67 Nm, and 0.41 Nm along the
x̂b, ŷb, and ẑb axes, respectively, with a peak moment norm
of approximately 0.754 Nm.

The key quantitative result is the scale separation be-
tween the local obstacle-separation force and the resultant
force transmitted to the vehicle. The inferred local force at
full opening is nearly 88 N per bar, whereas the peak resul-
tant force estimated at the vehicle is 2.11 N, corresponding
to a local-to-resultant force ratio of 40. This occurs because
opposing contact forces make the resultant force on the ve-
hicle depend primarily on force imbalance rather than indi-
vidual contact-force magnitudes. The spreading mechanism
supplies the local force needed to displace the obstacles, and
the variable admittance controller modifies the reference dur-
ing interaction so that the vehicle remains bounded instead of
rigidly tracking the desired reference.

5 CONCLUSION

This paper presented variable admittance control for elas-
tic obstacle separation with a fully actuated fixed-tilt aerial
manipulator. The FT-X8 uses a single-actuator spreading
mechanism to apply opposing contact forces while the rotors
regulate vehicle motion. The admittance law varies the vir-
tual inertia and stiffness as functions of the estimated wrench
component, obstacle distance, and actuator saturation, pro-
ducing stiff free-flight tracking and compliant contact re-
sponse without mode switching. In the spreading experiment,
the inferred local obstacle-separation force was 40 times the
peak resultant force estimated at the vehicle. This result
demonstrates large local separation forces with bounded ve-
hicle motion during contact.
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ABSTRACT

Airborne Wind Energy (AWE) systems utilize
tethered wings flying high-speed crosswind tra-
jectories to harvest energy from the stronger
and more consistent winds available at high al-
titudes. Knowledge of the local wind field is
crucial for maximizing power generation while
ensuring flight stability and safety, particularly
because these periodic trajectories remain spa-
tially confined. In this work, we estimate the
parameters of a wind field model capturing both
shear and veer during the online operation of
an AWE system flying periodic circular orbits,
utilizing an Extended Kalman Filter (EKF). We
then use these estimates in a Nonlinear Model
Predictive Control (NMPC) scheme based on a
dynamic model that incorporates the spatially
varying wind field. We demonstrate in a simula-
tion study that the proposed approach accurately
estimates sudden variations in the wind parame-
ters during online closed-loop tracking while sat-
isfying operational flight envelope constraints.

1 INTRODUCTION

Airborne wind energy (AWE) systems produce renewable
electric energy by harvesting wind using tethered wings at
high altitudes where, compared to traditional wind turbines,
the available wind is stronger and more consistent. The sys-
tems fly acrobatic crosswind maneuvers at high speeds and
thus generate large aerodynamic forces which are converted
to usable electric energy using one of two approaches: Sys-
tems operating in ‘drag-mode’ transfer the electricity from
onboard propeller generators to the ground via the tether,
whereas in systems operating in ‘pumping-mode’, the tether
drum is connected to a generator on the ground. Here, the
tether is reeled out at high tether force to produce energy and
reeled back in with low tether force in a periodic pumping
motion. The technology promises renewable energy genera-
tion with less material investment and ground use compared
to traditional wind energy [1]. In Figure 1, we show both an
example of a ‘soft-wing’ system in pumping mode as well as

*Corresponding author email: jakob.harzer@imtek.uni-freiburg.de. This
research was supported by DFG via projects 504452366 (SPP 2364),
560056112 (robust MPC), 535860958 (ALeSCo), 525018088 (MAWERO)
and 545539514, and by BMWK via 03EN3054B.

Figure 1: Left: Skysails PN-14 soft-wing system from [2],
right: Makani M600 drag-mode rigid-wing system, from [3].

a ‘rigid-wing’ system in drag mode. For more information on
airborne wind energy we refer the reader to [4].

The tethered flight systems typically operate on flight tra-
jectories in a limited spatial range, which are optimized based
on a chosen model of the local wind field. While for plan-
ning purposes complex wind fields are considered [5], for the
online closed-loop operation simpler wind field models are
commonly used. We propose to estimate the fluctuating pa-
rameters of a complex model of the current wind field with
altitude-dependent wind speed and direction online using an
Extended Kalman Filter (EKF). To make use of the esti-
mates, a controller with knowledge about the spatially chang-
ing wind field is required, for which we propose to use a Non-
linear Model Predictive Controller (NMPC). Equipped with
an accurate wind field model, such a predictive controller is
expected to have better tracking performance compared to a
controller that does not know about the spatially changing
wind conditions. We visualize the idea in Figure 2, where we
show both the wind field used to generate the tracking ref-
erence as well as the actual wind-field whose wind direction
and magnitude are altitude-dependent. The forward predic-
tion horizon of the NMPC is visualized originating from the
tethered flight system’s current position.

State and wind estimation for airborne wind energy sys-
tems has been subject to prior research. Typically, the
available measurements contain positions and velocities from
GPS measurements, orientations, their rates, and accelera-
tions from an IMU, airspeed from Pitot tubes as well as the
tether force and angle. With well-established methods such
as EKF, unscented Kalman filters or moving-horizon estima-
tion, these measurements can be fused into state and wind
estimates [6–8]. We refer the reader to Table 1 in [6] for
an overview. The wind field estimate typically consists of
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Figure 2: The closed-loop NMPC controller uses an EKF estimate of the actual wind field that might differ from the one used
for the reference trajectory generation

wind direction and magnitude [9, 10] or parameters of a one-
dimensional logarithmic wind-shear model with known di-
rection [11]. In [6], the wind speed and direction variability
in space and time is handled by assuming appropriate pro-
cess noise on the parameter estimates. Such estimates of the
wind field parameters can be used to adjust the periodic flight
orbit to changing conditions [11, 12], but require a dynamic
model of the system [10]. Particularly suited for the inclu-
sion of complex wind models are NMPC control schemes
which offer out-of-the-box satisfaction of system constraints,
but only have been used in combination with simple wind
models [7, 8]. This work attempts to bridge this gap by es-
timating the parameters of a wind field with both shear and
veer and utilizing the estimation in a predictive controller.

We introduce an AWE system model in Section 2 and de-
scribe the closed-loop control and wind-state estimation in
Section 3. We showcase the performance of the approach in
Section 4 and conclude the paper with Section 5.

2 SYSTEM MODEL

In the following, we develop a model to describe the
tethered rigid-wing AWE system with RWTH Aachen’s
“Maverix” flight system. The Maverix is a versatile, multi-
purpose flight-system with a wingspan of 1.5m and a mass
of 2.4 kg. Figure 3 shows a render of the flight system. In
this paper, we consider it to be connected to the origin with a
tether of constant length l = 50m. The flight system has pro-

pellers on both its wings. Although in an AWE setup we do
not want to spend additional energy for propulsion, we still
include the propeller thrust in the dynamic model and also
utilize them in the reference solution and for feedback con-
trol. The Maverix flight system also has vertical liftoff and
landing capabilities, which are disregarded in the model.

2.1 State-Space Model
The following is largely based on [5, 13]. We model the

AWE system with the state vector

x = [r, ṙ, R, ω, ξ, η, σr, σl]
⊤ ∈ R22 (1)

where r = [rx, ry, rz]
⊤ ∈ R3 is the position of the flight sys-

tem in a north-east-down (NED) inertial frame (ex, ey, ez),
ṙ ∈ R3 is its velocity in the same NED inertial frame,
R ∈ SO(3) ⊂ R9 is a direction-cosine rotation matrix de-
scribing the attitude and ω ∈ R3 is the vector of angular
velocities in the NED body frame. The state vector is ex-
tended with actuator states for the ailerons on the left and
right wings, which are assumed to be actuated symmetrically
with angle ξ = ξl = −ξr, an elevator flap angle η and left
and right propellors’ forward thrusts σr, σl. The considered
control vector is then simply given as the rates of the actuator
states:

u = [ξ̇, η̇, σ̇r, σ̇l] ∈ R4 (2)

Following [5, 7, 13], we derive the dynamic model of the
tethered AWE system using Lagrangian dynamics. For this,
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Figure 3: Render of RWTH Aachen’s Maverix flight system

we introduce an algebraic variable z ∈ R that is proportional
to the tether pulling force with magnitude |Ft| = zl. The
system dynamics in fully implicit form are then:

0 = f(ẋ, x, z, u, p) (3)

where the vector p ∈ Rnp contains the parameters of the
model, in this case explicitly the coefficients of the wind field
discussed below. In contrast to [5, 7, 13], for simplicity we
omit tether drag forces, and the tether is assumed to be of
constant length. The model has the algebraic tether constraint
c(x) = r⊤r − l2 = 0 which implies a “rigid” tether and
requires z > 0 for validity. Since with this algebraic state
constraint, the dynamics would be an index-3 differential-
algebraic equation (DAE), we apply index reduction to mod-
ify the dynamics into an index-1 DAE whose solution satisfies
the tether and rotation matrix invariants:

c(x) = 0, ċ(x) = 0, cR(x) = Pu

(
R⊤R− I3

)
= 0, (4)

where the operator Pu selects the upper triangular elements of
the matrix. Thus, at the initial state of a numerical simulation,
these consistency conditions have to be satisfied explicitly. To
avoid drifting of the invariants due to numerical instability,
we use a Baumgarte stabilization scheme. We refer the reader
to [5, 13] for further details on the exact model dynamics.

2.2 Wind Model
We assume a wind field where the wind: (a) only changes

with altitude, and (b) does not have a vertical component (i.e.,
the wind is always horizontal). In particular, we consider the
following model that captures both wind shear and wind veer:

vw(rz, p) =



cos(p1 + p4(rz − z0))
sin(p1 + p4(rz − z0))

0


 (p2 + p3(rz − z0))

(5)

where the four scalar parameters p = [p1, p2, p3, p4]
⊤ take

the meaning of the wind direction p1 and speed p2 at a ref-
erence height z0 and the gradients p4, p3 of the direction and
the speed with respect to the altitude rz , respectively.

2.3 Aerodynamics
To compute the aerodynamic forces and moments for the

particular flight system considered in this paper we use an

element-based simulation model which divides the aircraft
into individual aerodynamic surfaces. The simulation com-
putes the force and moment vectors for each element for a
given local airspeed, angular velocity and actuator deflection
and calculates the total forces and moments affecting the sys-
tem in the body-fixed coordinate frame. This element-based
method includes aerodynamic effects such as induced drag,
lift, and propeller slipstream and is suited for a tilt-wing air-
craft, as is considered in this paper. An detailed description
of the element-based modeling method can be found in [14].

For the flight path trajectory optimization, in particular for
the online predictive control scheme, we require a differen-
tiable low-fidelity model. For the given flight system, we ob-
tain this low-fidelity model by sampling the 11-dimensional
input space of the simulation model over a large range of
flight states to capture the complex nonlinear model dynamics
within a simplified data set. This data set contains approxi-
mately 13 million data points, each representing a different
operating point. Subsequently, we fit a low-order polynomial
onto the data where we choose the 71 polynomial regressors
such that they include known aerodynamic quantities, for ex-
ample the squared airspeed or the angle of attack. Since the
model should require as few computations as possible, we
solve a sparse linear least-squares fitting problem for each in-
dividual component of the forces and moments vectors using
an extended Gauss-Newton method [15]. The polynomial ap-
proximations with up to 35/71 non-zero coefficients show a
good fit on the 20% test split of the data with a standard devi-
ation of the residuals less than 4% for each component.

2.4 System Constraints

We have tight constraints on the flight envelope of the
Maverix flight system, and thus require the satisfaction of
nonlinear and linear state and control constraints given in Ta-
ble 1. Here,

vb = R⊤(ṙ − vw(rz, p)) (6)

is the velocity vector in the body-fixed coordinate system
relative to the airflow, α = atan2(vb,z, vb,x) is the angle
of attack, β = atan2(vb,y, vb,x) is the sideslip angle and
γ = cos−1(−l−1r⊤Rez) is the angle between the tether
vector and the flight systems upward orientation unit vector,
which we constrain to avoid the collision of the flight system
with the tether. We collect all nonlinear and linear state and
control constraints as

hmin ≤ h(x, z, p) ≤ hmax (7a)
xmin ≤ x ≤ xmax (7b)
umin ≤ u ≤ umax (7c)
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Figure 4: Closed-loop simulation

2.5 Measurements
We assume that the flight system is equipped with sensors

that provide the measurements

g(x, z, p) =




r
ṙ
ω
∥vb∥2

R⊤(r̈ − ag)
Ft




(8)

including an GPS measurement of position and velocity, an
IMU measurement of angular velocity in the body frame, an
airspeed measurement, an IMU measurement of acceleration
in the body frame, as well as a measurements of the tether
force. Here, ag = [0, 0, 9.81]⊤m/s2 is the gravitational ac-
celeration in the NED inertial frame. The measurements are
summarized in Table 2 where we follow [7] for their standard
deviation values, except for the force measurement where we
assume a standard deviation of 1N.

3 CLOSED-LOOP WIND PARAMETER ESTIMATION

In order to estimate the wind parameters p in online oper-
ation of the tethered flight system, we consider the following
closed-loop approach visualized in Figure 4. The available
noisy measurements from the system, as well as the applied
control uk, are used by an Extended Kalman Filter (EKF) to
obtain both a state estimate x̂k, ẑk and an estimate for the
wind parameters p̂k. A Nonlinear Model Predictive Con-
troller (NMPC) generates a feedback control signal such that
the tethered system follows a pre-computed reference state
and control trajectories x̄, z̄, ū. We assume that we obtain a
measurements every δ1 = 10ms, for which we obtain a new
state estimate from the EKF. The NMPC is sampled every
δ2 = 10δ1 = 100ms and predicts N = 50 intervals into the
future, which corresponds to a horizon of Nδ2 = 5 s.

3.1 Model Discretization
We discretize the continuous model as follows: For a dis-

crete time point tk on a time-grid with step size δ, consider
the approximations xk ≈ x(tk), zk ≈ z(tk). We assume
that over a discretization interval t ∈ [tk, tk + δ], the con-
trol u(t) = uk is held constant. The fully implicit index-1
differential-algebraic equation system (3) is integrated using

an implicit Runge-Kutta scheme with a collocation Gauss-
Radau IIA method which is well-suited for the stiff dynamics.
Since the last of the three collocation nodes is at the end of
the interval, the algebraic state zk+1 is uniquely determined
from the state values and does not depend on zk. We then
have the discrete deterministic model:

0 = Fδ(xk+1, zk+1, xk, uk, p), (9)

and, by incorporating measurements, the discrete stochastic
model:

0 = Fδ(xk+1, zk+1, xk, uk, p) (10a)
yk = g(xk, zk, p) + vk (10b)

Here, the measurement noise is vk ∼ N (0, V ) for whose co-
variance matrix V is built from the standard deviations given
in Table 2. Note that we do not consider any state noise.

3.2 Reference Trajectory Generation
For the tracking reference, we generate dynamically fea-

sible periodic state and control trajectories for the system
by formulating and solving an optimal control problem with
direct collocation where we use the simple constant wind-
model with p1 = 90◦, p2 = 5m/s, p3 = 0/s, p4 = 0 ◦/m.
We obtain the T -periodic references:

x̄ : R→ Rnx , x̄(t+ T ) = x̄(t), (11a)
z̄ : R→ Rnz , z̄(t+ T ) = z̄(t), (11b)
ū : R→ Rnu , ū(t+ T ) = ū(t). (11c)

Typically, we want the AWE system to follow power-optimal
flight trajectories [5], but the considered experimental proof-
of-concept system based on the Maverix flight system is not
intended to generate energy. Thus, we consider the objective
of a large, constant tether force as proxy for the objective of
producing power. We then design the optimal control prob-
lems cost accordingly such that we obtain a smooth circular
trajectory with radius ≈ 50m that is tilted 30◦ to the east,
with almost constant tether force of ≈ 50N and a period du-
ration of T ≈ 11 s. We use slightly tightened aerodynamic
bounds to account for disturbances in the later online track-
ing.

3.3 Model Predictive Control Scheme
To exploit the wind field estimates in closed-loop oper-

ation, we employ an NMPC scheme equipped with the dis-
cretized dynamical model (9). At any time t0, we have the
NMPC horizon as the uniform time grid: tk = t0 + kδ2, k =
1, . . . , N with N = 50 intervals. Note that this grid is differ-
ent from the simulation time grid above. The controller tries
to track the pre-calculated reference trajectories by sampling
them as:

x̄k = x̄(tk), z̄k = z̄(tk), ūk = ū(tk), (12)
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where the tracking cost terms are weighted by

Q = diag(Qx, Qz, Qu), (13a)
Qf = diag(Qx, Qz), (13b)

where the values of the diagonal matrices, given in Table 4,
are chosen to emphasize the tracking of the tether force vector
with small deviations in angular rates and flap controls. For a
given state and parameter estimate (x̂, ẑ, p̂) at some time t0,
we then solve the NMPC problem:

min
x0,...,xN
z0,...,zN
u0,...,uN -1

N−1∑

k=0

∥∥∥∥∥∥

xk − x̄k
zk − z̄k
uk − ūk

∥∥∥∥∥∥

2

Q

+

∥∥∥∥
xN − x̄N
zN − z̄N

∥∥∥∥
2

Qf

(14a)

s.t. x0 = x̂, (14b)
z0 = ẑ, (14c)
0 = Fδ2(xk+1, xk, (14d)

zk+1, uk, p̂), ∀k ∈ KN -1, (14e)
umin ≤ uk ≤ umax, ∀k ∈ KN -1, (14f)
xmin ≤ xk ≤ xmax, ∀k ∈ KN , (14g)
hmin ≤ h(xk, zk, p̂) ≤ hmax,∀k ∈ KN (14h)

where KN = {0, 1, . . . , N} and KN−1 are index sets and
we re-introduce the discrete states xk, zk, uk for the NMPC
problem. The control and state constraints are enforced as
hard constraints, while the nonlinear constraints are imple-
mented as soft constraints with slack variables and an associ-
ated penalty to improve problem feasibility. We solve prob-
lem (14) with the fast embedded NMPC solver acados [16]
in combination with the CasADi [17] framework, where we
use the advanced-step real-time iteration scheme [18] with a
single sequential quadratic programming (SQP) step per sam-
pling instant. The solver is configured with a Gauss–Newton
Hessian approximation and a partial-condensing quadratic-
program solver “HPIPM” [19]. The first computed control
u0 is then returned to the plant as the closed-loop feedback.

3.4 State and Wind Parameter Estimation

The dynamics of the system (3) contain algebraic condi-
tions as well as consistency conditions that need to be sat-
isfied by the state estimates, for which a conventional EKF
implementation is not suitable. Instead, we follow [20] for
details on EKF estimation with index-1 DAE systems. For the
estimation of both the state and the wind field parameters, it
is convenient to augment the state vector and dynamics with a
parameter state ṗ = 0 as xa = [x, p]⊤ ∈ Rnx+np . Addition-
ally, we can explicitly split the fully implicit index-reduced
DAE into differential and algebraic parts. We then obtain the
model in semi-explicit form:

ẋa = faode(x
a, z, u), (15a)

0 = falg(x
a, z, u). (15b)

The state update based on the linearization of the function
g might violate the consistency conditions. To counteract
this, we also augment the measurements with a pseudo-
measurement of the consistency conditions following [21],
similar to [22]:

ya = ga(x, z) =




g(x, z, p)
c(x)
ċ(x)
cR(x)


 (16)

For the EKF prediction step, we propagate the current
(augmented) estimates x̂ak|k, ẑk|k of the differential and al-
gebraic states using the implicit Runge-Kutta integration
method on the dynamics (15) similar to Equation (9) to ob-
tain predicted x̂ak+1|k, ẑk+1|k. In order to propagate the un-
certainty covariances of both the augmented differential state
and algebraic state Pk ∈ R(nx+np+nz)×(nx+np+nz), we lin-
earize the semi-explicit DAE at the current estimate:

A =

[∂fode
∂xa

∂fode
∂z

∂falg
∂xa

∂falg
∂z

]

x̂a
k|k,ẑk|k,uk

(17)

and with ϕ = exp (∆tA) we propagate the covariance matri-
ces as:

Pk+1|k = ϕPk|kϕ
⊤ + ΓWΓ⊤ (18)

where

Γ =

[
Inx+np

−
(
falg
∂z

)−1
∂falg
∂xa

]

x̂a
k|k,ẑk|k,uk

(19)

and where W is the covariance matrix of the augmented state
noise with values from Table 3. For the EKF update step, we
correct the differential state estimate
[
x̂ak+1|k+1

ẑk+1|k+1

]
=

[
x̂ak+1|k
ẑk+1|k

]
(20)

+Kk+1

(
yak+1 − ga(x̂ak+1|k, ẑk+1|k)

)
(21)

with the measurement augmented with the zero pseudo-
measurement for the consistency conditions as yak+1 =

[yk+1, 0, . . . , 0]
⊤. The covariance matrix is updated as

Pk+1|k+1 = (I−Kk+1Gk+1)Pk+1|k (22)

based on the Kalman gain

Kk+1 =
(
P−1
k+1|k +G⊤

k+1V
−1
k G⊤

k+1

)−1

G⊤
k+1V

−1
k (23)

with the linearization of the measurement function Gk+1 =
∂ga

∂(xa,z) (x̂
a
k+1|k, ẑk+1|k).
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Figure 5: Convergence of the wind parameter estimates dur-
ing the closed-loop simulation

4 SIMULATION EXPERIMENTS

To demonstrate the approach, we perform a simulation
of the closed-loop system where the tethered flight system
should follow the generated circular tilted reference. In the
scenario, the wind conditions are the same as in the reference
generation at first, but after 18 s, the conditions jump to a
more complex wind field:

p(t) =

{
[90◦, 5m/s, 0/s, 0 ◦/m]

⊤ for t < 18 s

[100◦, 4m/s,−0.06/s, 1 ◦/m]
⊤ for t ≥ 18 s

(24)

where the wind speed drops by 1m/s] and there is now both a
gradient in the speed and in the direction. We draw an initial
state estimate from distribution: x̂a0 ∼ N (xa0 , P0) where the
EKF’s initial covariance matrix P0 is given from the value in
Table 3, and the simulation’s initial value is given by xa0 =
[x̄(0), p(0)]⊤.

Figure 5 shows the wind field parameter estimates, which
closely follow the true values. Figure 6 compares the sim-
ulation with the tracked reference trajectory. The state that
are supposed to be tracked by the NMPC (e.g.z-position and
tether force) closely follow the reference. In the first few sec-
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Figure 6: Comparison between implemented simulation and
the tracking reference

onds after the wind field changes, the wind-field estimate is
not converged yet. Since the tether force is very sensitive
to the wind conditions, the NMPC struggles to maintain the
tracked tether forces (second plot in Figure 6) at first but later
compensates for the wind conditions by increasing the peak
forward velocity (third plot). After the wind field estimates
have converged to the new conditions, the nonlinear aero-
dynamic envelope constraints remain satisfied (bottom three
plots in Figure 6), even though perfect tracking of the refer-
ence is no longer achieved.

5 CONCLUSION

In this paper, we outlined a closed-loop estimation ap-
proach of the parameters of a shear and veer wind field model
for an airborne wind energy system operating in periodic cir-
cular orbits. In a simulation of a proof-of-concept setup with
the ‘Maverix‘ flight system, we can accurately estimate the
wind field parameters. The NMPC scheme utilizes these es-
timates to satisfy nonlinear flight envelope constraints while
still tracking the reference trajectory.
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A TABLES

Table 1: Nonlinear and linear state and control constraints

Constraint - Nonlinear Min Quantity Max

Longitudinal vel. 12m/s vb,x 20m/s
Lateral / vertical vel. −7m/s vb,y, vb,z 7m/s
Angle of attack −8◦ α 15◦

Sideslip angle −15◦ β 15◦

Tether force 0N |Ft| −
Tether collision - γ 90◦

Constraint - Linear Min Quantity Max

Angular velocities −1 rad/s ωx, ωy, ωz 1 rad/s
Aileron angle ξ −25◦ ξ 25◦

Elevator angle η −32◦ η 32◦

Thrust forces 0N σr, σl 20N

Elev./Ail. rates −25 ◦/s ξ̇, η̇ 25 ◦/s
Thrust force rates −5N/s σ̇r, σ̇l 5N/s

Table 2: Available Measurements, comp. [7]

Measurement Quantity σ Unit

GPS position r 0.1 m
GPS velocities ṙ 0.6 m/s
Angular velocities ω 0.02 rad/s
Airspeed ∥vb∥2 1 m/s
Accelerations R⊤(r̈ − ag) 0.05 m/s2

Tether Force |Ft| 1 N

Table 3: EKF State Noise Weight and Initial Covariance Val-
ues

State Process Noise σ Init. Cov. σ Unit

r 0.01 1 m
ṙ 0.1 0.5 m/s
R 0.01 0.1 -
ω 0.1 0.05 rad/s
ξ, η 0.1 0.1 rad
σr, σl 0.1 0.05 N

p1 0.01 0.01 m
p2 0.05 0.1 m/s
p3 0.005 0.01 m/(sm)
p4 0.002 0.01 rad/s

Table 4: NMPC State and Control Weights

State/Control Value Unit

r 0.001 1/m2

ṙ 0.1 s2/m2

R 1 -
ω 50 s2/rad2

ξ, η 0.001 1/rad2

σr, σl 0.001 1/N2

z 50 m2/N2

ξ̇ 1 s2/rad2

η̇ 1 s2/rad2

σ̇r 100 s2/N2

σ̇l 100 s2/N2
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ABSTRACT

This paper presents a nonlinear system identifi-
cation method for fixed-wing Unmanned Aerial
Vehicles (UAVs) and its application to the esti-
mation of aerodynamic coefficient derivatives of
a Vertical Take-Off and Landing (VTOL) drone.
The approach relies on a physics-based nonlin-
ear model of the system and requires only a few
dozen seconds of flight dataset, thereby minimiz-
ing the experimental burden. The identification
process is based on the output-error method, ap-
plied sequentially to several sub-models. Hence,
the aerodynamic coefficients are estimated in
stages, which eliminates strong parameter inter-
dependence and enhances model identifiability.
The results obtained on the VTOL prototype are
consistent with coefficient values predicted from
Computational Fluid Dynamics simulations, and
provide a satisfactory fit to the flight data. The
methodology is generic and can be applied to
other nonlinear aerial systems.

1 INTRODUCTION

Systems such as Vertical Take Off and Landing (VTOL)
aircraft have attracted increasing interest over the last two
decades, but come with complex aerodynamic behavior [1, 2].
Consequently, a controller that can handle wide-ranging
changes in the whole flight envelope is needed. Designing
such a controller requires an accurate aerodynamic model.

While Computational Fluid Dynamics (CFD) simula-
tions and wind tunnel tests can provide high-fidelity esti-
mations of the steady-state aerodynamic coefficients [3, 4],
these methods are expensive and time-consuming. More-
over, estimating dynamic coefficients requires unsteady flow
conditions impractical for typical wind tunnel setups, or
coupled CFD/dynamics that are often computationally pro-
hibitive. System identification from flight tests provides an
efficient data-driven alternative to estimate the aerodynamic
coefficients [5, 6, 7, 8]. Existing system identification ap-
proaches can broadly be categorized into neural-network-
based, frequency-domain, and time-domain methods. Artifi-
cial neural networks are attractive when first-principles mod-

els are difficult to obtain [9]. Although effective for capturing
complex nonlinear UAV dynamics, they produce black-box
models with limited physical interpretability. System identi-
fication can also be performed in the frequency domain, us-
ing methods such as output-error, equation error or empirical
transfer function estimate [10]. These methods are generally
computationally efficient, although the transformation from
time to frequency domain may result in information loss. In
the time domain, recursive parameter estimation techniques
enable online estimation using algorithms such as recursive
least squares, recursive output-error and augmented Kalman
filtering. These recursive methods are well suited for time-
varying parameter tracking. Nevertheless, their slower con-
vergence and potentially lower final accuracy make offline
methods preferable for high-precision model development.
For instance, filter-error methods, which typically rely on
Kalman filtering [11], account for both process and measure-
ment noise, but require higher computational cost. Equation
error methods rely on least-squares estimation, which con-
sists in minimizing a cost function defined in terms of an
input-output equation [12]. Recent advances include sparse
identification methods (SINDy), which use L1-regularized re-
gression on candidate function libraries to automatically dis-
cover parsimonious nonlinear models from measured states
[13]. These techniques are appreciated for their mathemati-
cal simplicity. However, all the system states and their time
derivatives need to be measured, which is not always possi-
ble. Finally, the output-error method minimizes prediction er-
rors between measured and simulated outputs obtained from
model integration. It can handle nonlinear systems of arbi-
trary complexity, although they typically model uncertainty
only through measurement noise.

Unlike traditional approaches that separate only longitu-
dinal and lateral-directional dynamics [10, 11, 12], a method
that estimates aerodynamic derivatives using more steps is
proposed in [14]. This approach involves four steps: 1/ an ini-
tial polynomial fit for lift, drag, and moment coefficients and
identification of longitudinal model; 2/ identification of lat-
eral model; 3/ combined estimation of remaining coefficients;
4/ a final simultaneous adjustment of all derivatives. To obtain
their results, the authors have performed about 400 maneu-
vers. In contrast, this paper presents a similar physics-based
nonlinear identification method applied to a simpler model,
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enabling to use fewer datasets. It achieves satisfactory results
for a VTOL UAV in fixed-wing mode by sequentially apply-
ing the output-error method to seven decoupled submodels.

The remaining sections of this article are organized as fol-
lows. Section 2 provides an overview of the VTOL drone
that is used in this study. Then, Section 3 details the system
modeling, and Section 4 derives the nonlinear identification
method. Finally, Section 5 concludes the paper.

2 SYSTEM OVERVIEW

The proposed identification method has been evaluated on
the VTOL tail-sitter UAV that is presented in Figure 1. It has
four control surfaces at the wing’s trailing edge; two are op-
erating as elevons and two as rudderons. They are controlled
using three servomotors (two for the elevons, one for the rud-
der). The UAV is powered by a single engine located in the
middle of the wing. The powertrain is composed of a Hacker
A30-16M Brushless DC motor, an APC 8×8E propeller and a
Dualsky Summit 60X U8 Electronic Speed Controller (ESC).
The avionics are centered around a mRO Control Zero H7
Pixhawk-compatible autopilot running PX4 [15]. Besides the
IMU and barometer onboard the autopilot, a Pitot tube is fit-
ted in the front of the aircraft. The airframe is constructed of
extruded polystyrene stock with carbon/glass fiber reinforce-
ment at the leading edge. During collection of identification
data, the UAV is piloted by remote control, and monitored
through a telemetry link to a ground station.

Figure 1: VTOL tail-sitter UAV.

3 SYSTEM MODELING

A standard approach is described with notations taken
from [16]. In this paper, the roundness of the Earth is ne-
glected, as well as its rotational speed; the ground-related co-
ordinate system is inertial; the UAV is a rigid body.

3.1 Notations and Coordinate Systems
1. Inertial Frame F i: The ii-axis is oriented toward

north, the ji-axis toward east, and the ki-axis is di-
rected toward the Earth’s center.

2. Body Frame Fb: The body frame is fixed to the aircraft
and is used to describe its position and orientation. Its

origin is located at the UAV’s center of mass. Its axes
(ib, jb, kb) are oriented forward, to the right wing, and
downward, respectively. The orientation of the body
with respect to the inertial frame is described by the
Euler angles (roll ϕ, pitch θ, yaw ψ), defined by the
aerospace-standard ZYX rotation sequence.

3. Wind Frame Fw: It is aligned with the direction of the
airflow relative to the aircraft. Its origin is situated at
the UAV’s center of mass, and is defined by the axes
(iw, jw, kw). By definition, the relative airspeed vector
lies along the iw-axis.

To describe the equations of motion of the UAV, twelve
state variables are used and described in Table 1.

Sym. Description
pn Position along the ii axis in F i
pe Position along the ji axis in F i
pd Position along the ki axis in F i
u Velocity along the ib axis in Fb
v Velocity along the jb axis in Fb
w Velocity along the kb axis in Fb
ϕ Roll angle
θ Pitch angle
ψ Yaw angle
p Angular velocity about the ib axis in Fb
q Angular velocity about the jb axis in Fb
r Angular velocity about the kb axis in Fb

Table 1: State vector for the equations of motion

3.2 Flight Dynamics
Let abBE , vbBE , ωbBE respectively be the acceleration, the

velocity and the angular velocity of the UAV with respect to
the Earth in Fb such that:

abBE =



ax
ay
az


 ;vbBE =



u
v
w


 ;ωbBE =



p
q
r


 . (1)

Based on vbBE , the definitions of the airspeed Va, the an-
gle of attack α, and the sideslip angle β are given as:

Va =
√
u2 + v2 + w2; (2)

α = tan−1
(w
u

)
; (3)

β = sin−1

(
v

Va

)
. (4)

Moreover, the Newton-Euler laws of motion write:

v̇bBE =
F b

m
− ωbBE × vbBE ; (5)

ω̇bBE = I−1(M b − ωbBE × IωbBE), (6)
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where F b are the resultant forces, M b the resultant moments
in the body frame, and I the inertia matrix.

This set of equations defines the translational (5) and ro-
tational dynamics (6), respectively. However, in the identifi-
cation process, an alternative formulation of translational dy-
namics is preferred, valid under the assumption of no wind.
It is obtained by isolating u, v, w in Equations (2–4), and get
u̇, v̇, ẇ after differentiation with respect to time. These com-
ponents are substituted into Equation (5). The formulation is
given as in [5]:

V̇a =
1

m
(cosα cosβ X + sinβY

+ sinα cosβ Z); (7)
α̇ = − tanβ cosαp+ q − tanβ sinα r

+
1

mVa

(
− sinα

cosβ
X +

cosα

cosβ
Z

)
; (8)

β̇ = sinαp− cosα r +
1

mVa
(− cosα sinβ X

+ cosβ Y − sinα sinβ Z), (9)

where (X,Y, Z)T are the coordinates of the resultant force
F b along the body frame axes.

3.3 Actuators
1. Servomotors: They actuate the elevons and rudder of

the UAV. Their dynamics are not negligible, hence,
each is modeled by a first-order transfer function with
time constant τ , along with a pure time delay named
τa.

2. Motor-Propeller Model: The propulsion chain is com-
posed by the ESC, the motor and the propeller. The
ESC acts as a switching voltage stage that converts the
throttle command δt into an effective motor input volt-
age um as:

um = Vbatδt, (10)

where Vbat is the battery voltage. The transfer from um
to the motor angular speed Ω is nonlinear and modeled
as a Hammerstein model: at the input, a polynomial
function captures the static nonlinearity of the ESC-
motor pair:

Ωss = aescu
2
m + bescum, (11)

where Ωss is the steady-state motor speed. At the out-
put, the dynamics are modeled as a second-order trans-
fer function as:

Ω

Ωss
=

1

1 + 2ζ
ω0
s+ 1

ω2
0
s2
, (12)

where ω0 is the motor natural frequency, ζ its damping
ratio and s is the Laplace variable.

3.4 Forces and Moments
1. Gravitational Force: In the inertial frame, it can be ex-

pressed by:

F i
g =




0
0
mg


 , (13)

where g is the acceleration due to gravity.

2. Aerodynamic Forces and Moments: Aerodynamic
forces are expressed as follows in the wind frame:

Fw
aero = −

1

2
ρV 2

a S



CD
CY
CL


 , (14)

where ρ is the air density, S the reference surface,
C{D,Y,L} the drag, side-force and lift coefficients, re-
spectively. Aerodynamic moments are expressed as
follows in the wind or body frame:

M b
aero = Mw

aero =
1

2
ρV 2

a S



bCl
cCm
bCn


 , (15)

where b is the wingspan of the UAV, c its wing chord,
C{l,m,n} the rolling, pitching and yawing moment co-
efficients, respectively.

The air density ρ is given by an implementation of the
ISA atmosphere model, and computed from the altitude
of the vehicle.

Then, the following decomposition of the aerodynamic
coefficients is used, respectively for the longitudinal
and lateral models:


CD
CL
Cm


 =



CD0

CL0
Cm0


+



CDα2α c

2Va
CDq

CLα
c

2Va
CLq

Cmα
c

2Va
Cmq



(
α
q

)

+



CDδe
CLδe
Cmδe


 δe; (16)



CY
Cl
Cn


 =




0
Cl0
Cn0




+



CY β

b
2Va

CY p
b

2Va
CY r

Clβ
b

2Va
Clp

b
2Va

Clr
Cnβ

b
2Va

Cnp
b

2Va
Cnr





β
p
r




+



CY δa CY δr
Clδa Clδr
Cnδa Cnδr



(
δa
δr

)
, (17)

where δ{a,e,r} are the roll, pitch and yaw control inputs,
respectively.
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3. Propulsion Forces and Moments: In the body frame,
propulsion forces can be expressed using standard
model from blade theory by:

F b
prop =



ρD4

p(
Ω
2π )

2CT
0
0


 , (18)

where Dp is the diameter of the propeller. Besides,
propulsion moments are defined as follows in the body
frame:

M b
prop =



ρD5

p(
Ω
2π )

2CQ
0
0


 . (19)

4. Gyroscopic and Reaction Wheel Effect: The gyro-
scopic moment due to rotation of the motor can be ex-
pressed as follows in the body frame:

M b
gyro = Ipr



−Ω̇
−Ωr
Ωq


 , (20)

where Ipr is the moment of inertia of the rotor and the
propeller.

4 NONLINEAR SYSTEM IDENTIFICATION

Based on the nonlinear model of the system derived in
Section 3 and on data collected during flight tests, the over-
all goal of the method is to estimate the aerodynamic coef-
ficients appearing in Equations (16) and (17). Previous tests
have shown that some coefficients are very small and have a
negligible effect on the outputs, in particular CLq , Cn0 and
the coupling coefficients CYp,r , Clr , Cmp and Cnp . There-
fore, they are fixed to zero and will not be estimated in this
paper. Besides, the available data are insufficient to estimate
the second-order term CDα2 , which can be obtained through
CFD calculations.

4.1 Motor-Propeller Model Coefficients Estimation
The parameters of Equations (11–12) were determined

beforehand using a dedicated test bench to measure the motor
speed and supply voltage during testing. Parameters aESC
and bESC were first identified from the steady-state func-
tion Ωss(um). Then, parameters ζ and ω0 were estimated
to fit step variations. The propeller coefficients CT and CQ
were estimated from propeller performance curves given by
the manufacturer 1 2. While the servomotors time constant τ
was computed from measurements made on a dedicated test
bench, the delay τa was estimated directly from input-output
flight data, thus taking into account not only the servomotor
delay but also additional delays in the loop. All the system
parameters are listed in Table 2.

1https://m-selig.ae.illinois.edu/props/propDB.html
2https://www.apcprop.com/technical-information/performance-data

Sym. Name Value
m Mass 0.750 kg
xCG Position of CG /nose −0.21m
I11 Moment of inertia (x-axis) 0.009 09 kgm2

I22 Moment of inertia (y-axis) 0.007 29 kgm2

I33 Moment of inertia (z-axis) 0.0157 kgm2

I13 x-z product of inertia −0.000 458 kgm2

b Wingspan 0.80m
c Wing chord 0.25m
S Reference surface 0.20m2

Vbat Battery voltage 16.0V
τ Servos time constant 0.013 s
τa Servos actuator delay 0.033 s
aesc Quadratic ESC coef. −14.35 rad s−1 V−2

besc Linear ESC coef. 287.85 rad s−1 V−1

ω0 Motor angular freq. 17.94 rad s−1

ζ Motor damping ratio 1.86
CT Thrust coef. 0.146
CQ Torque coef. 0.066

Table 2: Predetermined system parameters

4.2 Excitation Trajectory

Excitation signals are applied to each axis independently
and are superimposed to pilot commands. By this mean, the
pilot can correct the trajectory of the UAV if needed, in order
to stay close to level-flight in straight line. Pilot’s corrections
are kept as small as possible. Several excitation signals could
be used [6, 8]. In this work, they consist in 3-level step inputs,
which are rather straightforward to implement.

Both amplitude and frequency of the multistep have been
adjusted empirically during flight via the remote control. The
amplitude has been tuned to ensure sufficient signal-to-noise
ratio while keeping deviations from the nominal trajectory
within acceptable limits. Likewise, the frequency has been
adapted to the system dynamics so that quasi-steady-state
conditions are reached after each excitation step.

Control input signals, as well as the measured angular ve-
locities, are shown in Figure 2 for both roll and pitch axes.
The yaw dynamics have not been considered in this study and
no excitation is then provided on this axis.

Vectors of measured values are extracted from PX4 flight
logs and uniformly resampled onto a common time base.
Quaternions from the “vehicle-attitude” topic are used to
compute the rotation matrix from the local to the body frame,
as well as the Euler angles. Linear velocities and positions
come from the “vehicle-local-position” topic, while angu-
lar rates come from “vehicle-angular-velocity”. Accelerom-
eter measurements (specific force) come from “vehicle-
acceleration” and are used to compute body inertial acceler-
ations by adding gravity. Measurements of Va, α and β are
computed from definitions (2–4). Control inputs are taken di-
rectly from the “torque-setpoint” and “thrust-setpoint” topics.
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Figure 2: Roll and pitch angular velocities with control input
signals.

4.3 Aerodynamic Coefficient Estimation Method
Experience shows that attempting to estimate the com-

plete set of aerodynamic coefficient derivatives described in
Equations (16) and (17) in a single optimization problem
leads to convergence stalls or drift towards non-physical val-
ues (due to local minima, compensations between parame-
ters, strong dependence on the initial guess). To reduce the
complexity, the coefficients are estimated in seven stages,
each stage involving estimation of a subset of one to four co-
efficients only, and the selection of a single output, as shown
in Table 3. This approach eliminates strong parameter in-
terdependence and yields robust convergence to physically
meaningful values.

At each stage, the considered aerodynamic coefficients
are estimated with the output-error method [5, 6]. The
channel-wise accumulated squared errors in angular rate (ϵω)
and acceleration (ϵa) are defined as:

ϵω(j) =
∑

i

(
ωbBE,s(i, j)− ωbBE,m(i, j)

)2
; (21)

ϵa(j) =
∑

i

(
abBE,s(i, j)− abBE,m(i, j)

)2
, (22)

where i = 1, ..., N is the sample time index, j = 1, 2, 3 the
body axes, and where “s”, “m” indicate simulated and mea-
sured outputs, respectively. These notations will be kept in
the next paragraphs. Vectors ϵω and ϵa are three-dimensional.

The scalar criterion Jk to be minimized by the optimiza-
tion procedure is the weighted least-squares error computed
as the squared differences between simulated and measured
flight data as follows:

Jk = wk

[
ϵω
ϵa

]
. (23)

The weight vector wk allows selective activation or scaling
of each channel, where k = 1, ..., 7 is the coefficient subset

k Coefs. Submodel eq. Meas. in-
puts

Weight
wk

1
CL0

CLα

CLδe

α dynamics
from (8), (2)

δ{a,e,r,t}
pm, qm, rm
um, vm, wm

[0, 0, 0, ...
0, 0, 1]

2 CD0

α dynamics
from (8), (2)

δ{a,e,r,t}
pm, qm, rm
um, vm, wm

[0, 0, 0, ...
1, 0, 0]

3
CYβ

CYδa

CYδr

α, β
from (8)-(9)
and (2)

δ{a,e,r,t}
pm, qm, rm
um, vm, wm

[0, 0, 0, ...
0, 1, 0]

4

Cm0

Cmα

Cmδe

Cmq

q from (6)
Va, α
from (7)-(8)

δ{a,e,r,t}
pm, qm, rm

[0, 1, 0, ...
0, 0, 0]

5

Cl0
Clβ
Clp
Clδa
Clδr

p from (6)
Va, α, β
from (7)-(9)

δ{a,e,r,t}
qm, rm

[1, 0, 0, ...
0, 0, 0]

6
CD0

CDq

CDδe

Va, α
from (7)-(8)

δ{a,e,r,t}
pm, qm, rm

[0, 0, 0, ...
1, 0, 0]

7
Cnβ

Cnr

Cnδa

r from (6)
Va, α, β
from (7)-(9)

δ{a,e,r,t}
pm, qm

[0, 0, 1, ...
0, 0, 0]

Table 3: Aerodynamic coefficient estimation

index (for example, wk = [0, 1, 0, 0, 0, 1] includes only pitch
rate and z-axis acceleration errors in the cost).

Each line k of Table 3 defines an optimization problem:
it specifies the subset of coefficients to be estimated (second
column), the associated sub-model equations (third column),
the measurements used as inputs (fourth column), and the
weighting vector wk employed in the cost function Jk (last
column).

Linear and angular velocities can be obtained either di-
rectly from measurements or from the translational and ro-
tational dynamics. Accordingly, depending on the subset of
coefficients to be estimated (i.e. the stage k in Table 3), Va, α,
β are computed either from definitions (2–4) using the mea-
sured velocity vbBE,m, or by solving the translational dynam-
ics differential equations (7–9). Similarly, the angular veloc-
ity is obtained either from measurements ωbBE,m, or from ro-
tational dynamics in Equation (6). The chosen set of equa-
tions is indicated in the third column of Table 3.

4.4 Aerodynamic Coefficient Estimated Values
To estimate the aerodynamic coefficients, the output-error

method is applied using the Nelder-Mead simplex algorithm
[17]. The coefficients obtained for the tail-sitter UAV with
the identification approach are given in Table 4, compared to
CFD values obtained from steady RANS simulations using
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the DLR TAU-Code [18]. Since no yaw inputs were used,
CYδr

, Clδr and Cnδr
are set to zero. Other Cn· coefficients

associated with the yaw axis are still estimated.

Coefs. Estimated CFD Abs. err. Rel. err.
CL0

0.005 0.026 0.021 80.8 %
CLα

1.186 3.449 2.263 65.6 %
CLδe

0.350 / / /
CD0

0.125 0.021 0.104 495.2 %
CDq

0.000 / / /
CDδe

0.001 / / /
CYβ

−0.006 −0.929 0.923 99.4 %
CYδa

0.005 / / /
Cl0 −0.004 0.000 / /
Clβ −0.005 −0.003 0.002 66.7 %
Clp −0.091 / / /
Clδa −0.054 / / /
Cm0

0.036 0.000 / /
Cmα

−0.193 −0.196 0.003 1.5 %
Cmδe

0.243 / / /
Cmq −3.427 / / /
Cnβ

0.100 0.169 0.069 40.8 %
Cnr

−0.085 / / /
Cnδa

0.026 / / /

Table 4: Estimated aerodynamic coefficients compared to
CFD results

The estimated values are overall consistent with the CFD
predictions, and the discrepancies can be traced to modeling
assumptions. First, the CFD simulations are performed on
an ideal airfoil geometry: surface roughness, wing-mounted
hardware (Pitot tube, protruding batteries, cables...) and,
most importantly, the rotor disk located in the middle of the
wing is not taken into account. Consequently, the lift-curve
slope estimated from flight data,CLα

= 1.186 is significantly
lower than the CFD value of 3.449. The same reasoning ex-
plains why the zero-lift drag coefficient exceeds the CFD re-
sult (CD0

= 0.125 vs. 0.021 with the CFD); the real aircraft
experiences more drag than the ideal laminar-flow profile as-
sumed in CFD.

CoefficientCYβ
also shows a large discrepancy of−0.006

vs. −0.929. This is due to the lack of yaw excitation data
in the identification dataset, leading to low observability of
the corresponding dynamics. By contrast, the static pitch-
stability derivative Cmα = −0.193 matches the CFD value
of −0.196 very closely and the values for the yaw-stability
derivative Cnβ

are close as well, confirming that the identi-
fication method captures these important stability terms with
high fidelity. The non-zero value of Cl0 might traduce an
asymmetry in the wing or elevons structure. Finally, it should
be noted that the control-derivative coefficients (e.g. CLδe

and Cmδe
) and the dynamic coefficients (e.g. Cmq

and Clp )
are notoriously difficult to obtain from CFD: the former re-

quire a large number of simulations for each control-surface
deflection, while the latter demand complex coupling be-
tween CFD and dynamics. System identification, on the other
hand, yields an estimate for these values.

The fitting results of the model to the flight data are shown
in Figures 3 and 4. Two datasets collected during two differ-
ent flights are used, one for identification and one for valida-
tion. The fitting percentage to evaluate the accuracy of the
identification process is computed from a normalized root-
mean-squared error, and given by:

f% = 100

(
1− ∥ys − ym∥
∥ym − ȳm∥

)
, (24)

where ys is the simulated output vector, ym the measured
output vector, ȳm the sample mean of ym, and ∥·∥ denotes
the Euclidean (2-)norm.

The fitting values for both identification and validation
datasets are satisfactory. Indeed, on both datasets, the roll an-
gular velocity p has a fit around 50%, and the acceleration
ay fit is higher than 80%. Moreover, pitch angular velocity
q and acceleration az also have a fit between 40% and 60%
on the identification dataset. On the validation dataset, the
fits are lower for the latter axes, which can be explained by
visible offsets. These can be attributed to differences in mass
distribution between the tested configuration and the nominal
model, as well as to trim changes commanded by the pilot
via the remote control during flight. These effects modify the
effective trim state and control biases seen in the measure-
ments, but are not fully captured by the nominal aerodynamic
model, which explains the observed offsets. Relatively low
fit values on acceleration ax is likely caused by the differing
conditions between the motor-propeller test bench setup and
real-world flight, and by the presence of wind during the ex-
periments. Finally, the low yaw-rate fits (around 13%) are
expected, because no yaw excitation have been used in this
study.

Figures 3 and 4 also show α and β as predicted by
the model, based on translational dynamics (8-9). On both
datasets, β remains almost zero, which shows very low
sideslip. In addition, α stays between 0◦ and 15◦, which is
realistic in terms of angle of attack variations. As an addi-
tional validation, the model’s predictions for the airspeed Va
agree well with the measurements on both identification (Fig-
ure 3) and validation (Figure 4) datasets, even though Va was
not used during the identification process.

5 CONCLUSION

This paper presents a generic nonlinear system identifi-
cation method and its application to aerodynamic coefficient
estimation of a tail-sitter VTOL drone in fixed-wing mode.
The approach only needs a few dozen seconds of flight data,
which avoids performing numerous measurement campaigns.
The aerodynamic coefficients are estimated in stages using
the output-error method, which eliminates strong parameter
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Figure 3: Identification results, with flight data in blue, model data in orange, α in purple and β in yellow. The fitting values
are the following: fp = 46.5%, fq = 41.4%, fr = 13.3%, fax = 4.7%, fay = 82.4%, faz = 51.2%.

Figure 4: Validation results, with flight data in blue, model data in orange, α in purple and β in yellow. The fitting values are
the following: fp = 54.1%, fq = −0.5%, fr = 13.6%, fax = −4.1%, fay = 84.5%, faz = −35.1%.
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interdependence and yields robust convergence to physically
meaningful values. A limitation of the method is its sensi-
tivity to data biases, due e.g. to miscalibrated accelerations
and presence of wind during tests. Nevertheless, such biases
mostly affect offset coefficients which have no impact on the
linearized dynamics used for control design. Overall, the re-
sults are consistent with values predicted from CFD simu-
lations, and satisfactory model fits to independent flight test
data validate the entire methodology. Future work will in-
clude assessing the robustness of the methodology using sim-
ulated data. Besides, coefficients validity will be extended
from fixed-wing flight to hover flight through the use of high-
angle-of-attack analytical models.
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TriMorph: The Transformative Tricopter
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ABSTRACT

Bio-inspired robotic systems increasingly ex-
ploit morphological adaptation to operate under
varying environmental constraints. While mor-
phing mechanisms have been investigated for
unmanned aerial vehicles (UAVs), relatively lit-
tle attention has been given to tricopters, de-
spite their favorable efficiency and agility char-
acteristics. This paper presents TriMorph, a
transforming tricopter capable of continuously
varying its frame through a single-actuator truss
mechanism. A geometric model relating actu-
ator motion to the deploy angle is derived and
incorporated into a configuration-dependent dy-
namic formulation. Experimental flights demon-
strate consistent behavior across configurations,
highlighting morphology as a control input that
modifies the inertia matrix. These results sug-
gest a pathway toward aerial robots that adapt
their physical structure to changing task require-
ments. The prototype increases its top-down area
by more than 3× and principal inertias by up to
2.9×. These results demonstrate that rotational
geometric morphing directly modulates the iner-
tia matrix in flight, thereby expanding the opera-
tional envelope of tricopter UAVs.

1 INTRODUCTION

Multirotor UAVs are increasingly deployed in logis-
tics, disaster response, agriculture, and defense applications.
However, most platforms rely on fixed-geometry airframes
that cannot adapt their morphology to changing environmen-
tal or task constraints. In contrast, biological flyers, such as
birds, dynamically adjust wing morphology to balance agility,
stability, and energy efficiency across varying conditions. Not
only are these aerial creatures able to vary their aerodynam-
ics at will with their foldable wings and overlapping feathers,
they are able to perform rapid adaptation and optimization
suitable for hunting, fleeing and energy efficiency [1]. By in-
tegrating characteristics of wildlife, drones would be able to
navigate through narrow openings needed for search and res-
cue, rapidly adapt to atmospheric conditions, optimize energy
consumption, and minimize radio wave reflections for mili-
tary stealth, to name a few examples. Although there exists

*Email address: stephane.viollet@cnrs.fr

research on this topic with transforming drones [2], [3], [4],
tricopters, unlike other multirotor designs, offer speed and
agility ( [5]). TriMorph takes the leap in bringing our rigid
aerial vehicles one step closer to the functionalities of flying
animals, while retaining the strength and robust qualities of
a drone. The main contributions of this work are the design
of a morphing tricopter architecture, dynamic modeling that
captures configuration-dependent behavior, and a control im-
plementation enabling flight.

Figure 1: TriMorph expansion evolution.

2 RELATED WORK

Although similar shape-shifting drones have been devel-
oped [2], [4], [6], [7], [8], [9], [10] the degree of their trans-
formations is often limited to one arm actuated movements,
limiting their expansion and therefore, range of adaptation.
For example, in [2], the fully expanded and contracted states
of the ‘Foldable Drone’ are targeted for object inspection and
crevice navigation and are not suitable for extreme changes
in environmental conditions, where rapid change in drone
dynamics is necessary while maintaining stability. On the
other hand, Morpho-Copter [4] is only able to change the
angle of its arms, and its four servo motors make it prone
to failures, according to the authors. As for the sliding arm
quadcopter [7], it changes its shape through arm extensions,
consequently moving its center of mass; however, this design
also does not change its rotational inertia significantly, as seen
from its minimal pitch and yaw rotations.

Given the complexity of current morphing drones, with
numerous servo motors, the drones do not achieve large in-
creases in width, which is why TriMorph utilizes truss-like
mechanisms to simplify the servo motor complexity while
maximizing adaptation and stability with expansion [11].
Figure 1 illustrates the expansion evolution of TriMorph from
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its compact configuration to its fully deployed state, high-
lighting the continuous change in planform area span.

To contextualize the performance indices of TriMorph
against prominent platforms in the literature, a comparative
overview is provided in Table 1.

Table 1: Comparative analysis of TriMorph against state-of-
the-art morphing UAVs.

Platform Type Morphing
Actuators

Expansion Ratio
(Area / Span)

Inertia Modulation
Factor (Lzz)

CoG Shift
During Flight

Foldable Drone [2] Quadrotor 4 Servos ∼ 1.2× (Area) Low Negligible
Morpho-Copter [4] Quad-Bi 4 Servos ∼ 1.2× (Area) Low Negligible
Sliding Arm Quad [7] Quadrotor 2 Servos ∼ 1.2× (Span) Minimal (xy only) Pronounced
TriMorph Tricopter 1 Servo > 3.2× (Area) Up to 2.9× Negligible (< 0.8 mm)

Figure 1 illustrates the expansion evolution of TriMorph
from its compact configuration to its fully deployed state,
highlighting the continuous change in planform area span.

3 MECHANICAL DESIGN

3.1 Truss-Based Morphing Architecture
Many morphing UAVs rely on multiple actuators and

rigid telescoping arms, increasing mass and mechanical com-
plexity [11]. In contrast, TriMorph adopts a planar truss-
inspired mechanism in which each arm behaves primarily as a
two-force member. This allows structural loads to be carried
predominantly in axial tension or compression rather than in
bending, supporting lightweight construction while maintain-
ing stiffness.

All twelve joints were manufactured in carbon-fiber rein-
forced polymer (PET-CF) using additive manufacturing. The
truss layout ensures that the geometric expansion modifies the
motor to centroid distance without introducing large off-axis
bending loads in the members.

3.2 Joint Geometry and Stress Distribution
Arm connections experience the highest stresses in the

structure because they transfer load between members while
undergoing repeated rotation during morphing. Early pro-
totypes exhibited fracture at the arm roots due to localized
bending stresses. To mitigate this, the joints were redesigned
with enlarged circular ends, increasing the load transfer area
and reducing stress concentration. The peak stress at a geo-
metric discontinuity is governed by:

σmax = Ktσnom (1)

where Kt is the stress concentration factor. By replacing
narrow rectangular ends with circular profiles, Kt is reduced,
distributing load more uniformly into the arm body.

Additionally, the pin connection introduces bearing
stress:

σb =
F

tdp
(2)

where t is the material thickness and dp the pin diameter.
Increasing the joint diameter increases the projected bearing

area, lowering local compressive stresses and reducing crack
initiation in the printed composite layers. This is particularly
important for layer-wise printed polymers, which are suscep-
tible to delamination under localized transverse loading. As
a result, the rounded joint geometry significantly improved
durability and prevented brittle fracture during repeated mor-
phing cycles.

3.3 Primary Arm Bending Stiffness
The arm connecting the rotating frame to the motor ex-

periences a different loading than the remaining members.
Although most truss elements primarily carry axial forces,
the motor arm acts as a cantilever beam that supports rotor
thrust, gyroscopic torques, and inertial loads during maneu-
vering. Consequently, bending stress dominates its structural
loading. To increase stiffness without significantly increasing
mass, the motor arm was printed with twice the vertical height
of the other arms. The bending stress in a beam is given by:

σ =
Mc

I
(3)

where M is the bending moment, c is the distance to the
outer fiber, and I is the second moment of area. For a rectan-
gular cross-section:

I =
bh3

12
(4)

Thus, doubling the motor arm height increases I by a fac-
tor of 23 = 8, and c by a factor of 2, reducing bending stress
and deflection by factors of 4 and 8 respectively for the same
loading. This modification significantly improved structural
rigidity and reduced oscillations at the motor mount during
flight, while adding minimal mass compared to uniformly
thickening all members.

3.4 Low-Friction Rotational Interfaces
Rotational joints use 2mm PTFE spacers to reduce mass

and avoid stick–slip during repeated morphing. PTFE ex-
hibits very low surface energy and shear strength, produc-
ing a friction coefficient of approximately µ ≈ 0.04–0.10
against the carbon-fiber composite. The material also con-
forms slightly to surface irregularities, distributing contact
pressure and limiting abrasive wear at the joint interface. This
allowed smooth expansion and contraction without mechani-
cal binding or observable wear during testing.

3.5 Actuation Strategy
Instead of a conventional tail tilt mechanism, TriMorph

employs a coaxial motor unit in which counter-rotating pro-
pellers balance the net reaction torque generated by the pro-
pellers. A single servo rotates the top triangular plate, driving
the truss mechanism and changing the radial motor distance.

The expansion angle α directly modifies TriMorph’s
frame and inertia while maintaining symmetry about the body
z-axis. Because angular acceleration scales as:
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Figure 2: Planform Area vs. Deploy Angle (α), proportional
to kx2, where k ∈ R.

ω̇ = J−1τ (5)

increasing the moment of inertia reduces angular accel-
eration for a given torque, improving disturbance resilience,
while the compact configuration enables greater agility.

Through serial radio communication, we implemented a
toggle that allows the drone to expand and contract mid-air.
At an initial configuration, its planform area, defined by the
equilateral triangle formed by the three motor hubs vertex-to-
vertex, is 7,317.352 mm2. TriMorph is capable of expand-
ing to more than triple its original area to 23,482.812 mm2.
This relationship is depicted in Figure 2, where the plan-
form area is plotted as a function of the deploy angle. For
the principal-axis rotational inertia, the tricopter starts at
Lxx = 7.1 × 10−4 kgm2, Lyy = 7.6 × 10−4 kgm2, Lzz =
9.9 × 10−4 kgm2, and morphs to Lxx = 1.7 × 10−3 kgm2,
Lyy = 1.6× 10−3 kgm2, Lzz = 2.9× 10−3 kgm2.

This not only creates significant advantages in resilience
to disturbances, but also enables the UAV to alter its dynam-
ics midair in response to environmental conditions, such as
air drag. Because the morphing mechanism relies entirely on
a closed-loop internal truss structure driven by a single inter-
nal servo, the total mass of the vehicle remains strictly con-
stant (mt = 345 g) during adaptation. Furthermore, due to
the rotational symmetry of the three-arm truss layout about
the body zb-axis, the theoretical Center of Gravity (CoG) ex-
periences zero translation in the xy-plane (∆xG = 0,∆yG =
0). Experimentally, minor manufacturing and assembly tol-
erances result in a negligible CoG translation of less than
0.8 mm, which is easily rejected by the attitude controller’s
integral action. Finally, a custom triangular PCB board (Fig-
ure 4) is mounted on the drone to provide easily accessible
integration of electronics.

4 GEOMETRIC ANALYSIS OF THE MECHANISM

We describe here the motion of one motor with respect
to a rotation of the top triangular plate, hereafter referred to

as the drive plate, around the vertical axis zb by a known an-
gle α. As shown in Figure 3, we consider the body frame
B = {O; x⃗b, y⃗b, z⃗b} to be fixed to the bottom triangular base
plate. Points N and M move along a circle centered on point
O and C, respectively. As such, distances ON, NM and CM
are constant and named R1, L and R2, respectively. Simi-
larly, point M is seen to be at the intersection of the circle
centered at N with a radius L and the circle centered at C.

Figure 3: Diagram showing the motor’s position vector de-
pendent on drive plate rotation α and subsequent angles β
and θ. The dotted green line represents the distance d. The
body frame is considered attached to the bottom triangular
base plate.

By definition, we have:

−−→
ON =

[
xN
yN

]
= R1

[
cosα
sinα

]
(6)

Let NC be the distance between the centers: NC =√
(xN − xC)2 + (yN − yC)2, with xc and yc known by con-

struction. In the triangle △NCM , we know all three sides:
L,R2, and NC. Given this, we can find the internal angle at
N (named β) using the law of cosines:

cos(β) =
NC2 + L2 −R2

2

2 ·NC · L (7)

Then, the coordinates of M are simply a rotation and transla-
tion from pointN . The angle of the vector

−−→
NC relative to the

x-axis is: θ = atan2(yN − yC , xN − xC). Finally, we have
the coordinates of M :

xM = xN + L cos(θ + β) (8)
yM = yN + L sin(θ + β) (9)
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Figure 4: Custom-made triangular PCB board supporting the
Teensy 4.0 board running the dRehmFlight autopilot [12].

The distance di (norm of
−−→
OMi) between the motor Mi and

O is
√
x2Mi + y2Mi and the orientation of

−−→
OMi is named

θMi
= atan2(yMi, xMi) with i ∈ [1, 3]. This distance, mod-

eled by a four-bar (crank-rocker) mechanism, can be approx-
imated as a single-bar mechanism. We measured an error as
small as 2.2% between the real and theoretical distances d for
three α angles (0◦, 90◦ and 180◦). Therefore, we treat R2

as constant in the simplified model. The theoretical geometry
was simulated with Geogebra software.

5 DYNAMICAL MODEL

In this section, we develop the equations of motion
(EOMs) for TriMorph using the classical Newton-Euler
framework. Because the tricopter undergoes geometric mor-
phing, the distance di between each motor Mi and the body
center varies with the drive plate angle α. Figure 5 illustrates
the compact configuration at α = 0◦, corresponding to the
minimum motor-to-center distance di. Figure 6 shows the
fully deployed configuration at α = 180◦, corresponding to
the maximum radial extension of the motors and increased
rotational inertia.

5.1 Forces and Torques
The forces and drag torques produced by each rotor are

assumed to be proportional to the square of the angular speeds
ωi: fi = ktω

2
i and τi = (−1)ikdω2

i ∀i ∈ {1, 2, 3, 4}. The
force produced by the ith rotor is thus:

fi =




0
0

−ktω2
i


 and Fbm =




0
0

−kt
(
ω2
1 + ω2

2 + ω2
3,4

)




(10)

Motors 3 and 4 are aligned, so the thrust is distributed
fifty-fifty between the two motors. Because the rotors main-
tain a strictly perpendicular thrust orientation relative to the
horizontal base plate throughout the morphing process, the
total static thrust required to maintain a steady hover remains
uniform across the full expansion range. Further experiments
will be achieved to measure changes in power consumption
when transitioning from the compact (α = 0◦) to the fully

deployed state (α = 180◦), primarily caused by minor vari-
ations in downstream airflow interaction with the expanded
structural frame.

Let (M1,M2,M3) be the application points of the forces
(f1, f2, f3) respectively. Then the torque generated by the
rotors with respect to the center of mass G can be expressed
in the body frame as:

Tb
r =

3∑

i=1

τ bm,i =

3∑

i=1

(GMi × fi) (11)

where GMi is the vector of the distance of the ith rotor from
the center of gravity G defined as follows (Figure 3):

G =

[ | | |
GM1

GM2
GM3

| | |

]
=
[
d cos θM1 d cos θM2 −d cos θM3

d sin θM1 −d sin θM2 d sin θM3
0 0 0

]

(12)

Then, we can apply equations 12 to 11 to express the
torque produced by the rotors as:

Tb
r =



dkt
(
−ω2

1 sin(θM1) + ω2
2 sin(θM2)− ω2

3,4 sin(θM3)
)

dkt
(
ω2
1 cos(θM1) + ω2

2 cos(θM2)− ω2
3,4 cos(θM3)

)

0




(13)

where we consider d1 = d2 = d3 = d and (ω2
3 + ω2

4) =
ω2
3,4.

In addition to thrust-induced reaction torques, each rotor
generates an aerodynamic drag torque about the body z-axis,
opposing its direction of rotation. The total drag torque from
the four rotors is therefore given by:

Tb
d =



τx
τy
τz


 =




0
0

−kd
(
−ω2

1 + ω2
2 − ω2

3 + ω2
4

)


 (14)

By grouping equations 10, 13 and 14, the expression for
the total forces and torques described by the tricopter control
mixer is obtained by:




Fx
Fy
Fz
τx
τy
τz



=

[
Fbm

Tb
r +Tb

d

]
(15)

5.2 Rigid Body Model
TriMorph is modeled as a rigid body of mass mt. The

propulsive force Fbm is expressed in the body frame and trans-
formed into the inertial (earth) frame for translational dynam-
ics.
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Figure 5: TriMorph in its most compact state at a drive plate
rotation of 0◦.

The gravitational force acting on the vehicle is given in
the inertial frame as:

Feg =




0
0
mtg


 . (16)

The translational dynamics are subjected to a
configuration-dependent bluff-body aerodynamic drag
force, where the effective drag profile scales proportionally
with the planform area expansion shown in Figure 2. This
might yield a highly streamlined, high-speed profile in the
compact configuration and a high-drag, high-stability profile
when fully expanded. This point remains to be shown in
further experiments involving a windshaper.

We define ξe ≜
[
x y z

]⊤
,ηb ≜

[
ϕ θ ψ

]⊤

and ωb ≜
[
ωp ωq ωr

]⊤
. Using the Newton-Euler

framework, the translational dynamics of the tricopter is:

ξ̈e =
1

mt

[
Rb
e(η)

⊤Fbm + Feg
]

(17)

η̇ = Γ(η)−1ωb (18)

ω̇b = J−1
[(
−ωb × Jωb

)
+Tb

m

]
(19)

with J the inertia matrix, the rotation matrix Rb
e =

Rx(ϕ)Ry(θ)Rz(ψ) and Γ(η) given by:

Γ(η) =




1 0 − sin θ
0 cos θ sinϕ cos θ
0 − sinϕ cosϕ cos θ


 (20)

6 CONTROL IMPLEMENTATION

The flight control system is based on the open-source
dRehmFlight VTOL architecture [12]. The controller runs on

Figure 6: TriMorph in its fully deployed state at a drive plate
rotation of 180◦.

a Teensy 4.x microcontroller (Figure 4) at loop frequencies
exceeding 2 kHz, enabling low-latency attitude stabilization.
For the tricopter configuration, a custom control mixer was
developed to accommodate asymmetric thrust geometry and
decouple yaw dynamics from roll and pitch. The pitch and
roll PID outputs are distributed across the four primary lift-
ing motors, while yaw control is handled independently to
mitigate non-linear coupling effects introduced by the mor-
phology. As shown in Figure 7, the control pipeline consists
of state estimation, command mapping, attitude control and
morphology-aware mixing.

6.1 State Estimation
Attitude is estimated using an IMU-based quaternion fil-

ter. Gyroscope integration provides short-term orientation
propagation while accelerometer (gravity) and magnetometer
(heading) measurements provide drift correction. The esti-
mator follows the standard form:

q̇ =
1

2
q⊗ ω − β∇J (21)

where q is the attitude quaternion and β balances drift
rejection and noise sensitivity. Euler angles (ϕ, θ, ψ) are de-
rived from q for feedback control.

6.2 Command Mapping
User commands are mapped to normalized thrust and at-

titude setpoints:

uT ∈ [0, 1] (22)
ϕd ∈ [−ϕmax, ϕmax] (23)
θd ∈ [−θmax, θmax] (24)
rd ∈ [−rmax, rmax] (25)
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Figure 7: General control architecture of TriMorph’s flight
control system, showing command mapping, attitude con-
trol, configuration-dependent motor mixing, actuation, sensor
feedback, and state estimation within each control cycle.

6.3 Attitude Control
Roll and pitch are regulated using PID control on angle

error, with rate damping from gyroscope measurements:

eϕ = ϕd − ϕ, (26)

uϕ = kp,ϕeϕ + ki,ϕ

∫
eϕdt− kd,ϕωx (27)

Yaw control follows the same structure using yaw rate
feedback and the integrator limiting prevents windup near
zero thrust.

6.4 Morphology-Aware Mixing
Because the arm length d varies during morphing, the ef-

fectiveness of each rotor changes with configuration. Instead
of retuning gains, we compensate using an affine mixer map-
ping control inputs to motor commands:

mi = uT + aiuθ + biuϕ + ciur (28)

where coefficients (ai, bi, ci) encode configuration-
dependent control authority. This allows stable flight across
compact and deployed geometries without altering the high-
level controller. With this flight controller, we are able to
establish resilience in roll, pitch, and yaw, as the drone lifts
off into hover state for the fully deployed configuration (see
Figure 8).

7 CONCLUSION

In conclusion, integrating a morphing mechanism into a
tricopter platform significantly enhances operational adapt-
ability. By dynamically adjusting TriMorph’s characteristic
span, the vehicle transitions between a compact configuration
optimized for maneuverability in confined environments and
an extended configuration that improves attitude resilience
and endurance during forward flight. This variable geome-
try enables real-time modulation of the system’s moment of
inertia and control authority, expanding the flight envelope
beyond that of a fixed-geometry platform. When combined
with the dRehmFlight VTOL control architecture, the morph-
ing mechanism supports stable hovering flight within a single
airframe. With this flight controller, we are able to imple-
ment a stable control in roll, pitch, and yaw, as the drone lifts
off in its fully deployed state. Stability in intermediate states
remains to be shown.

While preliminary gust rejection experiments success-
fully verified the immediate stability benefits of physical in-
ertia modulation, future work will focus on extensive wind-
shape characterization to accurately map dynamic transitions
under continuous crosswind aerodynamic loading by means
of a windshaper available at the lab.
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Weitflug: A Research-Oriented Fork of Betaflight for
Agile Autonomous Flight

Joel Klimont*, Jakob Buchsteiner, Alexander Lampalzer and Radu Grosu
Technical University of Vienna, Austria

ABSTRACT

Agile autonomous quadrotors require high-rate,
accurately timestamped data exchange between
the embedded flight controller and an onboard
computer (OBC). Betaflight provides responsive
rate control, DShot motor support, and mature
gyroscope filtering, but its MultiWii Serial Pro-
tocol (MSP) interface is designed primarily for
configuration and telemetry rather than for syn-
chronized, high-rate transfer of low-level state
to an onboard computer. We present Weitflug,
a research-oriented fork of Betaflight that in-
troduces the Flyby Serial Protocol (FSP) and
RPM-aware accelerometer filtering. FSP peri-
odically transmits fixed-format packets contain-
ing flight-controller timestamps, filtered iner-
tial measurements, attitude, pilot inputs, motor
speeds, and battery voltage. An OBC-side clock
estimator maps flight-controller timestamps into
the OBC time base. On a SPEEDYBEEF7V3
flight controller connected to a Jetson Orin NX,
FSP provided a sensor stream at approximately
1.05 kHz. The 1st-to-99th-percentile spread of
consecutive sample intervals was 0.007 ms, com-
pared with 3.313 ms for MSP messages times-
tamped upon reception by the onboard com-
puter. Spectral analysis of flight logs further
showed strong attenuation of motor-synchronous
accelerometer components after RPM-aware fil-
tering. These results demonstrate a compact in-
terface with flight-controller-side timestamps for
using Betaflight as a low-level controller in au-
tonomous multirotor research.

1 INTRODUCTION

Agile autonomous quadrotor flight places strict timing
requirements on the sensing-to-actuation pipeline. At high
speed, delayed or irregularly timed inertial measurements can
degrade estimation and control, while limited access to low-
level flight-controller data complicates system integration and
analysis [1, 2, 3].

General-purpose autopilot stacks provide mature mission
handling and companion-computer interaction, commonly

*Email address(es): joel.klimont@tuwien.ac.at

through MAVLink [4, 5]. Betaflight occupies a different de-
sign point, emphasizing responsive FPV flight, high-rate rate
control, DShot motor interfaces, and a mature tuning work-
flow [6]. Out of the box, however, it offers little support for
synchronized high-rate state exchange with an onboard com-
puter.

This paper presents Weitflug, a research-oriented fork of
Betaflight1 that retains Betaflight’s embedded control stack
while extending it for agile autonomous flight with an on-
board computer (OBC). Our main contributions are:

• We introduce the Flyby Serial Protocol (FSP), a peri-
odic serial interface with flight-controller-side sample
timestamps and OBC-side clock alignment for high-
rate state exchange.

• We implement RPM-aware accelerometer filtering by
extending Betaflight’s motor-speed-dependent notch-
filtering infrastructure to acceleration measurements.

• We evaluate the timing information available to
downstream software and the attenuation of motor-
synchronous accelerometer components on a real
flight-controller and onboard-computer setup.

To support reproducibility, the accompanying repository
provides the firmware, OBC-side FSP implementation and
clock estimator, build configuration, and analysis scripts used
for the evaluation.

2 RELATED WORK

2.1 Autopilot and Research Architectures
Research UAV software spans different abstraction levels.

PX4 provides a modular embedded robotics framework, Pa-
parazzi an academic airborne and ground-control ecosystem,
and ROSflight separates flight-controller firmware from ROS
software on a Linux companion computer [4, 7, 8]. Complete
platforms such as MRS and Agilicious additionally cover
broader autonomy stacks, including estimation, control, sim-
ulation, perception, and hardware integration [9, 2]. Weitflug
is complementary to these systems: it retains Betaflight’s rate
controller, receiver path, ESC support, tuning workflow, and
filtering pipeline while providing a narrow embedded inter-
face for independently developed OBC software.

1Open-source project repository: https://github.com/F-WuTS/
weitflug-open
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Within Betaflight-derived research firmware, INDIflight
improves UART telemetry and uplink for offboard estima-
tion and control, adds alternative embedded control archi-
tectures, and includes an optional accelerometer RPM filter
[10]. Betalink modifies MSP to exchange motor commands
and flight-controller state in one transaction and adds an FC-
side motor-velocity controller using bidirectional DShot feed-
back [11]. Weitflug instead focuses on a periodic, fixed-
format state stream with source timestamps, OBC-side clock
alignment, and an experimentally evaluated accelerometer-
filtering path while retaining Betaflight’s rate controller. Be-
cause these projects expose different control abstractions and
communication semantics, we compare them qualitatively
rather than treating their reported rates as directly inter-
changeable performance baselines.

2.2 Serial Interfaces and Measurement Timing
MAVLink is the dominant messaging protocol in

autopilot-centered UAV systems and supports telemetry,
commands, mission services, and offboard control [5].
Betaflight commonly uses the MultiWii Serial Protocol
(MSP) for configuration and selected telemetry functions
[12]. MSP is practical for these purposes, but obtaining
the low-level measurements needed by an OBC controller
requires multiple command-specific requests and responses
with different payloads and update rates. A MAVLink-based
interface would provide broader interoperability, whereas this
work requires a compact, fixed-layout state-and-command
exchange with explicit source-timestamp semantics. These
requirements motivate the specialized recurring packet for-
mat described in Section 4.

Timing is part of the sensing interface, not merely an
implementation property. Cheng et al. show that bounded
sensing-to-actuation timing and measurement freshness are
important in a real-time multirotor controller [1]. Temporal-
calibration methods for visual–inertial estimation explicitly
estimate sensor time offset because timestamp error degrades
fusion consistency, and processing-dependent offsets may
vary over time [13, 14]. To handle this, distributed synchro-
nization work commonly models clock offset and skew and
estimates them using a recursive filter such as a Kalman filter
[15]. Weitflug applies this model to flight-controller times-
tamps and OBC reception times. This allows the onboard
computer to reconstruct when each sample was recorded by
the flight controller.

2.3 Motor-Synchronous Vibration and Filtering
Motor and propeller vibration is directly observable in

onboard inertial measurements. Ferede et al. report that
propeller-induced vibration can severely degrade accelerome-
ter measurements on racing quadrotors and therefore use me-
chanical vibration damping in their experiments [16]. Flight
stacks track rotor-related frequencies rather than relying only
on broad low-pass filtering. Betaflight uses bidirectional
DShot RPM telemetry to place gyroscope notches at mo-

tor fundamentals and harmonics, while ArduPilot supports
throttle-, RPM-sensor-, ESC-telemetry-, and in-flight-FFT-
based dynamic harmonic-notch tracking for gyroscope sig-
nals [17, 18]. Weitflug uses per-motor RPM measurements
already available through Betaflight’s bidirectional DShot
path, applies the resulting notch structure to the accelerometer
signal, and exports both filtered acceleration and motor-speed
measurements to the OBC. The present evaluation demon-
strates spectral attenuation of motor-synchronous compo-
nents, while estimator benefit, filter delay, and computational
cost remain to be quantified.

3 CURRENT BETAFLIGHT ARCHITECTURE AND
LIMITATIONS

Betaflight is designed primarily for manual first-person-
view (FPV) flight, where the flight controller executes a low-
latency inner control loop and the pilot provides high-level
commands. In this setting, the gyroscope is the dominant
feedback signal for rate control, while communication with
external systems is mainly used for configuration, telemetry,
and debugging. When Betaflight is used as a low-level plat-
form for autonomous flight, two architectural limitations be-
come apparent: the timing behavior of its serial interface and
the limited filtering support for accelerometer measurements.

3.1 MSP-Based Communication

Betaflight commonly communicates with external soft-
ware through the MultiWii Serial Protocol (MSP). MSP is
a request-response protocol: to acquire data such as IMU
measurements, the onboard computer (OBC) sends a request
to the flight controller (FC). The FC processes incoming re-
quests in the serial task, which polls the UART interface at
a rate configured by serial update rate hz. Once a
request is handled, the FC sends the corresponding response
back to the OBC.

This design is convenient for configuration and telemetry,
but it is not ideal for deterministic high-rate sensor streaming.
Since data is only produced in response to OBC requests, jit-
ter in the OBC request loop, kernel scheduling, UART trans-
mission, or FC-side serial polling directly affect the timing
of the received data. If the OBC requests data faster than the
serial task processes incoming packets, repeated samples or
irregular update intervals may occur.

A further limitation is timestamping. MSP packets are
typically timestamped on the OBC when they are received.
The timestamp therefore represents packet arrival time, not
the sensor acquisition time on the FC. Delays from serial-
task scheduling, UART transmission, kernel buffering, inter-
rupt batching, and userspace scheduling are included in the
timestamp. As a result, packets generated at regular inter-
vals on the FC may appear irregular on the OBC. Conversely,
packets delivered together by the kernel may receive nearly
identical timestamps although they were transmitted at differ-
ent times. Different MSP packet sizes also lead to different
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UART transmission times, which further distorts the observed
inter-arrival intervals.

3.2 Accelerometer Filtering
Betaflight’s sensor filtering pipeline is optimized mainly

for gyroscope data. This reflects the requirements of man-
ual FPV flight, where the gyro is the primary signal for the
inner rate controller. Betaflight therefore provides extensive
gyro filtering, including motor-RPM-aware filtering to sup-
press vibration components caused by motors and propellers
[17].

The accelerometer is less central to typical FPV acro-
mode flight and is therefore not filtered with the same empha-
sis. However, for autonomous flight, the accelerometer can be
important for state estimation, inertial sensing, and higher-
level control. Motor-induced vibrations are clearly visible in
accelerometer measurements and can degrade estimator qual-
ity. Since these vibration frequencies depend on motor RPM,
the lack of RPM-aware accelerometer filtering limits the use-
fulness of the accelerometer signal for onboard autonomy.

These limitations motivate Weitflug’s two main exten-
sions: the Flyby Serial Protocol (FSP), which periodically
sends FC-timestamped state to the OBC, and RPM-aware fil-
tering for accelerometer measurements.

4 WEITFLUG SYSTEM DESIGN

Weitflug adds a narrow research interface to flight con-
trollers running Betaflight without changing the division of
responsibilities between the embedded controller and the
OBC. The flight controller continues to run IMU acquisi-
tion, filtering, attitude estimation, rate control, receiver han-
dling, ESC communication, and motor output. The OBC
runs experiment-specific control, estimation, and planning
software and receives low-level measurements with flight-
controller timestamps.

The exported state is restricted to quantities useful for
agile-flight research: filtered accelerometer and gyroscope
data, attitude, RC inputs, motor RPM, battery voltage, and
timing metadata. This keeps the microcontroller-side inter-
face compact while exposing the signals needed for estimator
validation, controller debugging, and post-flight analysis.

4.1 Flyby Serial Protocol
For this purpose, we developed the Flyby Serial Protocol

(FSP) as Weitflug’s runtime serial interface. FSP transfers
high-rate state and commands between the flight controller
and the OBC, while MSP remains available for configura-
tion. In contrast to MSP, where different pieces of state are
distributed across several message types, FSP transmits one
recurring packet containing the low-level state needed by the
OBC.

FSP uses a fixed binary layout within each compiled pro-
tocol variant. As shown in Figure 1, the base FC-to-OBC and
OBC-to-FC packets occupy 116 bytes and 24 bytes, respec-
tively. Packets are COBS-encoded and terminated by a zero

delimiter [19]. A CRC-8 with initial value 0xFF and poly-
nomial 0xD5 covers the unencoded packet except for its final
checksum byte.

Each FC-to-OBC packet batches two sensor subframes to
reduce packet-handling overhead. Each sensor subframe car-
ries its own sample timestamp, filtered accelerometer mea-
surement, accelerometer 1g scale, filtered gyroscope mea-
surement and scale, quaternion attitude estimate, current RC
values, four motor RPM values, and battery voltage. Includ-
ing the accelerometer scale in every frame allows the current
protocol to use a single self-contained message type, at the
cost of retransmitting a configuration value. In future ver-
sions, we will explore separating configuration and measure-
ment packets to reduce the transmission of redundant infor-
mation. The OBC-to-FC payload contains commanded roll,
pitch, yaw, and throttle values together with two auxiliary
channels. After length, version, COBS, and CRC checks,
these values enter Betaflight through the existing MSP re-
ceiver path and are interpreted as RC channels.

FSP adopts a periodic, flight-controller-initiated ap-
proach, in contrast to the request–response model of MSP.
Sensor values are collected and timestamped from the PID-
loop path and placed in a five-entry circular queue; two
frames are removed for each transmitted packet. The de-
fault lockstep configuration sets an upper target of 1100 Hz
and selects an integer PID-loop interval that does not exceed
it. If the queue is full, the current implementation drops the
new sensor frame without transmitting an explicit overflow
counter.

For systems that also need to relay MAVLink traffic, FSP
provides an optional compile-time tunnel. In this variant, a
fixed 64-byte field in each FC-to-OBC packet is reserved for
relaying MAVLink messages, increasing the packet size from
116 bytes to 180 bytes. A flag in the version/reserved field
identifies the variant. The tunnel is auxiliary to the high-rate
state exchange and is not evaluated further in this work.

4.2 Clock Alignment
The flight controller and OBC maintain independent

clocks. On the OBC side, their relation is modeled as a linear
map

to,k = αktf,k + βk, (1)

where tf,k is the flight-controller time, to,k the corresponding
OBC time, αk the relative clock-rate ratio, and βk the offset.
After the first packet is received, both clocks are expressed
relative to that reference sample. The Kalman filter state is

xk =
[
αk βk

]⊤
, (2)

and is propagated with a random-walk process model

xk|k−1 = xk−1|k−1 + wk, wk ∼ N (0, Q). (3)

For a received timestamp pair, the observation model is

zk = Hkxk + vk, Hk =
[
tf,k 1

]
, (4)
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FC → OBC Header
8 B

Sensor Frame 0
52 B

Sensor Frame 1
52 B

Footer
4 B

Sensor Frame Acc.
6 B

Gyro
6 B

Orient.
8 B

RC
12 B

RPM
8 B

Timestamp
4 B

Gyro Scale
4 B

Acc. Scale
2 B

Battery Voltage
2 B

OBC → FC Header
8 B

RC command
12 B

Footer
4 B

Header Version / Res.
4 B

Timestamp
4 B

Footer Reserved
3 B

CRC-8
1 B

Figure 1: Logical layout of the base FSP packets in the current implementation. The FC-to-OBC packet batches two sensor
subframes in one transmission, while the OBC-to-FC packet carries the current RC command set.

with vk capturing transport delay variation and timestamp-
ing noise. In the current implementation, the filter uses
Q = diag(10−10, 10−6) and R = 10−3, and every 100th
received packet is used as an update sample. If the flight-
controller timestamp decreases, the estimator resets; if the
residual exceeds 0.5 s, which occurs for example when the
flight-controller clock is paused during calibration, the refer-
ence times are reinitialized.

Once the filter has converged, the corrected OBC time of a
packet is predicted from the packet-level timestamp. The two
batched sensor samples are then assigned corrected times-
tamps by subtracting their within-packet offset in the flight-
controller time base. This keeps clock estimation on the OBC
and avoids adding a two-way synchronization exchange to the
FC, while providing downstream estimation and control soft-
ware with a common time base.

4.3 Integrity and Failure Handling

Packet validity is treated as part of the measurement in-
terface. The receiver rejects packets with unexpected length,
an unsupported protocol variant, failed COBS decoding, or
an invalid CRC. FSP does not currently transmit a packet
sequence number or queue-overflow counter. The OBC can
nevertheless infer missing sensor frames from discontinuities
in the embedded sample timestamps, but it cannot directly
distinguish a queue overflow from other causes of loss.

4.4 RPM-Aware Accelerometer Filtering

Motor-synchronous vibration appears in both gyroscope
and accelerometer measurements. Betaflight already uses
RPM telemetry to place gyro notches at motor fundamen-
tals and harmonics. Weitflug instantiates the same notch-
filter implementation a second time for the three accelerom-
eter axes and returns the filtered values together with motor
RPM through FSP. The accelerometer configuration supports
up to three harmonics; its current defaults enable the funda-
mental for each motor, use a minimum frequency of 60 Hz, a
50 Hz fade range, and a notch quality factor of 5. This targets
motor-synchronous acceleration components without requir-
ing a broadly lower low-pass cutoff.

5 EVALUATION

The evaluation benchmarks the two main extensions in
Weitflug. First, we compare the timing behavior available to
downstream software when transferring IMU data from the
flight controller to the OBC using FSP and MSP. We then
qualitatively assess the effect of RPM-aware accelerometer
filtering using real flight logs.

5.1 Experimental Setup

The test platform consists of a SPEEDYBEEF7V3 flight
controller with an STM32 F7 processor and a Jetson Orin
NX 16GB as the OBC, connected through MSP or FSP. The
flight controller is configured for a nominal control-loop fre-
quency of 3.2 kHz; the scheduler reports an actual frequency
of 3148 Hz. We additionally configured the Betaflight pa-
rameter serial_update_rate_hz to 1000 Hz, because
MSP messages were otherwise not processed responsively
enough for the timing analysis. Acceleration is measured by
the BMI270 six-axis IMU on the flight controller, and the
electronic speed controller provides the per-motor RPM mea-
surements used for filtering.

5.2 Timing Analysis of FSP and MSP

For FSP, the OBC records both packet-reception times
and decoded, clock-aligned sensor-frame timestamps. For
MSP, we request IMU data at 1000 Hz and use reception
times because the protocol responses do not include the cor-
responding flight-controller sample timestamps. We addi-
tionally request data also carried by FSP, including RC com-
mands and attitude at 100 Hz and battery voltage at 10 Hz,
to make the serial workload more representative. The evalu-
ated firmware sets the lockstep target to 1100 Hz. With the
measured 3148 Hz PID-loop frequency, the integer lockstep
interval is three iterations, yielding a nominal source-sample
rate of approximately 3148/3 = 1049.3 Hz.

The MSP result should therefore be interpreted as
an application-level baseline under a representative mixed
telemetry workload, rather than as the maximum standalone
IMU throughput achievable with MSP.

We report the 1st-to-99th-percentile spread of consecutive
timestamp deltas and refer to this quantity as jitter. Table 1
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(b) Weitflug with FSP

Figure 2: Distribution of timestamp delta times between MSP and FSP. The solid line indicates the mean, while the dotted lines
denote the 1st and 99th percentile. The MSP distribution has multiple modes, one around the expected interval of 1 ms, and
three additional ones around 1.2 ms, 3.2 ms and 4 ms. FSP shows a narrow, quantized distribution around the expected interval,
with the remaining spread attributed to flight-controller scheduling and timer quantization.
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(b) Weitflug with FSP

Figure 3: Timestamp deltas between consecutive IMU messages for MSP and FSP. Subfigure (a) shows periodic MSP reception-
time outliers of up to approximately four times the expected interval, whereas they are absent from the FSP source-time
sequence in subfigure (b). MSP timestamps are captured on reception by the OBC, while FSP timestamps originate on the flight
controller; the plots therefore show the timing information available to downstream software rather than an equal-condition
measurement of transport latency.
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(a) Unfiltered accelerometer with overlaid motor speed in revolutions
per second (black, first half only)
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(b) RPM-aware filtered accelerometer

Figure 4: Short-time Fourier analysis of accelerometer vibration before and after RPM-aware filtering. The unfiltered spectrum
exposes motor-synchronous bands whose time-varying frequency follows the RPM trajectory. The filtered spectrum suppresses
these bands, reducing motor-induced components in the accelerometer signal. Sampling frequency 1000 Hz, 0.2 s Hann window
with 50% overlap.

Table 1: Timestamp deltas between consecutive IMU samples

Metric MSP FSP
[ms] [ms]

Expected 1.000 0.953
Mean 1.284 0.952
Median 1.003 0.952
1st percentile 0.845 0.948
99th percentile 4.159 0.956
P99–P1 spread 3.313 0.007

and figs. 2 and 3 summarize the results. Under the timestamp-
ing conventions above, the FSP source-time sequence has
substantially lower interval spread than the MSP reception-
time sequence. This comparison quantifies the regularity of
the sample timeline available to downstream software; it does
not measure or remove the constant component of one-way
transport latency.

FSP reports a mean rate of fmean,FSP = 1/dtmean,FSP =
1050 Hz. The small difference from the selected 1049 Hz rate
may arise from clock-rate mismatch, timer quantization, and
rounding in the synchronization estimate; a dedicated clock-
accuracy evaluation is left for future work. MSP reaches
a mean reception rate of fmean,MSP = 1/dtmean,MSP =
778 Hz in this configuration.

5.3 RPM-Aware Accelerometer Filtering

The accelerometer filter is evaluated from flight logs con-
taining both unfiltered and filtered acceleration signals. Fig-

ure 4 compares short-time Fourier transforms of the accel-
eration magnitude over the same motor-speed sweep. In
the unfiltered signal, motor-synchronous ridges remain suf-
ficiently pronounced that the RPM trajectory can be read di-
rectly from the spectrum. After RPM-aware filtering, these
ridges are strongly attenuated and no longer provide a reliable
RPM trace. This result demonstrates attenuation of the domi-
nant motor-synchronous components; quantifying total noise
reduction, estimator impact, and filter delay remains future
work.

6 CONCLUSION

We presented Weitflug, a research-oriented Betaflight
fork that provides periodic, flight-controller-timestamped
state through FSP and extends RPM-aware filtering to ac-
celerometer measurements. In our evaluation, the 1st-to-
99th-percentile spread of consecutive IMU intervals de-
creased from 3.313 ms for MSP reception timestamps to
0.007 ms for the FSP source-time sequence while main-
taining a stream above 1000 Hz. Flight-log analysis
also showed attenuation of motor-synchronous accelerome-
ter components. Together, these extensions make Betaflight
more suitable as a low-level controller for autonomous multi-
rotor research.

The current evaluation does not measure absolute one-
way transmission latency, and the one-way clock-alignment
method cannot separate a constant transport delay from clock
offset. This distinction is especially relevant when FSP times-
tamps are fused with measurements from sensors connected
directly to the OBC. Future work should evaluate latency us-
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ing an external reference or two-way exchange and quan-
tify accelerometer-filter attenuation, phase delay, computa-
tional cost, and estimator impact over multiple flights. Times-
tamped command queuing could additionally improve input–
output timing repeatability.

REFERENCES

[1] Zhuoqun Cheng, Richard West, and Craig Einstein.
End-to-end analysis and design of a drone flight con-
troller. IEEE Transactions on Computer-Aided Design
of Integrated Circuits and Systems, 37(11):2404–2415,
2018.

[2] Philipp Foehn, Elia Kaufmann, Angel Romero, Robert
Penicka, Sihao Sun, Leonard Bauersfeld, Thomas Laen-
gle, Giovanni Cioffi, Yunlong Song, Antonio Loquercio,
and Davide Scaramuzza. Agilicious: Open-source and
open-hardware agile quadrotor for vision-based flight.
Science Robotics, 7(67):eabl6259, 2022.

[3] Antonio Loquercio, Elia Kaufmann, René Ranftl,
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Spurný, Robert Pěnička, Daniel Hert, and Martin Saska.
The MRS UAV system: Pushing the frontiers of repro-
ducible research, real-world deployment, and education

with autonomous unmanned aerial vehicles. Journal of
Intelligent & Robotic Systems, 102, 2021. Article 26.

[10] INDIflight Development Team. INDIflight: Research-
focused fork of betaflight 4.4.2. Open-source reposi-
tory. Accessed: 2026-07-24.

[11] Betalink Development Team. Betalink: Low-latency
communication with betaflight. Open-source reposi-
tory. Accessed: 2026-07-24.

[12] Betaflight Development Team. MSP Protocol Refer-
ence for Developers. Online documentation. Accessed:
2026-06-15.

[13] Mingyang Li and Anastasios I. Mourikis. Online tem-
poral calibration for camera-IMU systems: Theory and
algorithms. The International Journal of Robotics Re-
search, 33(7):947–964, 2014.

[14] Yonggen Ling, Linchao Bao, Zequn Jie, Fengming Zhu,
Ziyang Li, Shanmin Tang, Yongsheng Liu, Wei Liu, and
Tong Zhang. Modeling varying camera-IMU time offset
in optimization-based visual-inertial odometry. In Com-
puter Vision - ECCV 2018, pages 491–507. Springer In-
ternational Publishing, 2018.

[15] Brent R. Hamilton, Xiaoli Ma, Qiang Zhao, and Jun
Xu. ACES: Adaptive clock estimation and synchroniza-
tion using Kalman filtering. In Proceedings of the 14th
ACM International Conference on Mobile Computing
and Networking, MobiCom ’08, pages 152–162, 2008.

[16] Robin Ferede, Till Blaha, Erin Lucassen, Christophe De
Wagter, and Guido C.H.E. De Croon. One net to rule
them all: Domain randomization in quadcopter racing
across different platforms. In 2025 IEEE International
Conference on Robotics and Automation (ICRA), pages
6357–6363, 2025.

[17] Betaflight Development Team. DShot RPM Filtering.
Online documentation. Accessed: 2026-06-15.

[18] ArduPilot Development Team. Managing gyro noise
with dynamic harmonic notch filters. Online documen-
tation. Accessed: 2026-06-15.

[19] Stuart Cheshire and Mary Baker. Consistent overhead
byte stuffing. IEEE/ACM Transactions on Networking,
7(2):159–172, 1999.

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 84



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-10 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION
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ABSTRACT

Open-source LiDAR–inertial odometry (LIO)
systems have achieved remarkable benchmark
accuracy, yet current state-of-the-art implemen-
tations are primarily optimized for evaluation
performance rather than the requirements of real-
time closed-loop aerial control. When deployed
onboard UAVs, this can introduce limitations
that degrade flight performance. In this work,
we identify five architectural deficiencies in a
representative tightly coupled IESKF-based LIO
implementation: odometry publishing tied to
the LiDAR rate (10 Hz instead of the IMU’s
200 Hz), missing velocity outputs, execution
bottlenecks that block IMU processing, mutex
contention, and synchronization race conditions.
We introduce corresponding modifications in-
cluding IMU-rate forward propagation, direct
body-frame velocity publishing, SLERP-based
smoothing, dual-executor isolation, and explicit
synchronization protection. The resulting sys-
tem increases odometry output from 10 Hz to
a stable 200 Hz, provides a complete Twist state
at every IMU sample, and preserves continuity
during transient LiDAR loss. Experiments on a
Livox Mid-360 / Pixhawk 4 Mini autonomous
UAV with motion-capture ground truth validate
the approach. Since the underlying estimator
(IESKF + ikd-Tree) remains unchanged, the pro-
posed improvements can be directly applied to
FAST-LIO2-derived implementations.

1 INTRODUCTION

Tightly-coupled LiDAR-inertial odometry has matured
rapidly over the last five years, with implementations such as
FAST-LIO2 [1], LIO-SAM [2], Point-LIO [3], and DLIO [4]
routinely reporting centimeter-level accuracy on standard
benchmark datasets. These implementations are open-source,
well-documented, and widely cited; a roboticist building an
aerial-mapping system has every reason to start from one of
them.

A roboticist building an autonomous flight system, how-
ever, quickly discovers that benchmark accuracy and flight-
readiness are not the same thing. A flight controller im-

Figure 1: Quadrotor platform used for the validation
flights: Livox Mid-360 LiDAR on top, Pixhawk 4
Mini autopilot and Jetson Orin NX onboard computer
below, reflective mocap markers on the prop guards.
Flight footage: https://vimeo.com/1192528650?
share=copy&fl=sv&fe=ci.

poses requirements that benchmark evaluations do not exer-
cise: pose feedback at hundreds of Hertz to keep the inner
control loop stable, linear and angular velocity estimates at
the same rate for damping and feedforward, low-noise sig-
nals that do not excite actuator oscillations, and uninterrupted
continuity even during transient sensor degradation. An LIO
implementation that meets none of these requirements out of
the box is not unusable; it is simply not yet ready for flight.

This paper documents the modifications required to take
a representative open-source IESKF-based LIO implementa-
tion from benchmark-tuned to flight-ready.1 The five contri-
butions are:

1. A forward-propagation scheme that publishes pose and
velocity at every IMU sample (200 Hz) using the most
recent IESKF-corrected state as an anchor.

2. Body-frame linear and angular velocity derived di-
rectly from the filter state, populating the previously-
empty field of the odometry message.

3. A first-order EMA filter on velocity and SLERP-based
filtering on orientation, with cutoff frequencies chosen
to remove integration noise without obscuring drone-
bandwidth maneuvers.

1Source code: https://github.com/alvgaona/fr-lio.

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 85



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-10 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

4. A dual-executor architecture that isolates the IMU call-
back from scan-processing latency, eliminating rate-
degradation under load.

5. An identification and fix of a race condition in the
IMU/LiDAR synchronization function that emerges
only under multi-threaded execution.

These modifications are purely architectural: the underly-
ing IESKF state propagation, point-to-plane registration, and
ikd-Tree map remain unchanged. They apply to any FAST-
LIO2-derived implementation and to any IESKF-based sys-
tem where the filter correction operates at a rate slower than
the IMU.

The paper is organized as follows. Section 2 surveys
representative open-source LIO implementations and charac-
terizes the flight-readiness gap each leaves open. Section 3
reviews the publishing pipeline of the baseline implementa-
tion and identifies the limitations that motivate each mod-
ification. Section 4 presents the IMU-rate forward propa-
gation and body-frame velocity derivation. Section 5 de-
scribes the dual-executor architecture, mutex-contention re-
duction, and synchronization race-condition fix. Section 6
covers EMA/SLERP filtering and chained-propagation fall-
back for LiDAR-interruption robustness. Section 7 reports
flight-test validation on a Livox Mid-360 / Pixhawk 4 Mini
platform with motion-capture ground truth. Section 8 con-
cludes.

2 RELATED WORK

Modern LIO implementations have converged on two ar-
chitectural patterns: tightly-coupled iterated error-state ex-
tended Kalman filters (IESKF) with incremental map struc-
tures, and tightly-coupled factor graphs with incremental
smoothing back-ends. Both deliver centimeter-accurate tra-
jectories on benchmark datasets [1, 2, 3, 4]; neither was
designed with the requirements of an in-flight controller in
mind. We briefly review the four most widely-used represen-
tatives and characterize the flight-readiness gap each leaves
open.

FAST-LIO2 [1] is the canonical IESKF+ikd-Tree imple-
mentation. The state is propagated forward by IMU integra-
tion over each scan interval, then corrected by a single IESKF
iteration loop with point-to-plane registration against the ikd-
Tree map. Publishing happens once per scan, at the end of
the IESKF correction. The default ROS 1/2 deployment uses
a single-threaded executor, so all callbacks (IMU buffering,
LiDAR buffering, IESKF processing, publishing) serialize on
one thread. The Twist field of the published Odometrymes-
sage is left at zero. None of these choices is wrong for of-
fline mapping or benchmark evaluation; all four limit flight-
readiness directly.

LIO-SAM [2] replaces the IESKF with a tightly-coupled
factor graph optimized incrementally via iSAM2. It sup-
ports GPS and loop-closure factors, which makes it well-

suited to outdoor mapping. Publishing rate is again tied to
the keyframe selection (typically 1–10 Hz), and the published
velocity is derived from preintegrated IMU factors only at
keyframe boundaries. The factor-graph back-end is compu-
tationally heavier than an IESKF and the per-keyframe vari-
ability makes the publishing rate unpredictable, both of which
compound the flight-control problem rather than relieve it.

Point-LIO [3] addresses high-bandwidth motion by treat-
ing each LiDAR point as an individual measurement update
rather than batching points into accumulated scans. This
raises the IESKF correction rate substantially (the authors re-
port up to kilohertz output) and is well-suited to aggressive
motions where intra-scan distortion would otherwise domi-
nate. The output frequency is high, but the architecture inher-
its FAST-LIO2’s single-executor concurrency model; under
sustained heavy load the same thread still serializes IMU, Li-
DAR, and publishing. Point-LIO closes one of the four flight-
readiness gaps (rate) without addressing the others (velocity
availability, executor isolation, race-condition robustness).

DLIO [4] is a recent lightweight LIO that adds
continuous-time motion correction to deskew scans during
integration, packaged with a clean ROS 2 implementation.
The lightweight design makes it attractive for embedded de-
ployment, and the ROS 2 native architecture supports multi-
threaded executors in principle. However, the published im-
plementation does not by default isolate the IMU callback
to a dedicated executor, does not populate the Twist field
with body-frame velocities, and inherits the same publishing-
coupled-to-LiDAR pattern as FAST-LIO2. The architectural
improvements are at the estimation layer, not at the deploy-
ment layer.

Summary. Across all four representative implementa-
tions, the flight-readiness gap manifests as the same four is-
sues: publishing rate coupled to (or capped by) the LiDAR
rate, missing velocity fields, single-threaded execution that
blocks the IMU callback under load, and an absence of any
mechanism to maintain odometry continuity during transient
LiDAR loss. Table 1 summarizes which axes each implemen-
tation addresses out of the box. The modifications presented
in this paper close all four gaps simultaneously and apply di-
rectly to any of these implementations, since they intervene at
the publishing layer rather than at the estimation layer; the un-
derlying choice of IESKF vs. factor graph, batched scans vs.
per-point updates, or discrete vs. continuous-time motion cor-
rection is independent of the architectural fix. Visual-inertial
state estimators such as VINS-Mono [5] and OpenVINS [6]
already publish at IMU rate by propagating the corrected state
between visual updates; our contribution can be read as adapt-
ing that publishing pattern to LIO.

3 BACKGROUND AND LIMITATIONS

The baseline implementation publishes odometry inside
the LiDAR scan-processing loop. Each cycle accumulates
a complete scan, executes IMU forward propagation across
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200 Hz Velocity Isolated LiDAR-loss
rate output IMU thread resilience

FAST-LIO2 [1] no no no no
LIO-SAM [2] no partial no no
Point-LIO [3] yes no no no
DLIO [4] no no no no

This work yes yes yes yes

Table 1: Flight-readiness axes addressed by representative
open-source LIO implementations. “Velocity output” = body-
frame linear and angular velocities published alongside the
pose. “Isolated IMU thread” = IMU sampling runs on a
dedicated thread, decoupled from scan-processing latency.
“LiDAR-loss resilience” = mechanism to maintain odome-
try continuity when LiDAR scans stop arriving for a transient
period.

the scan interval, performs IESKF iterations with point-to-
plane registration, updates the ikd-Tree map, and publishes
the resulting pose. The publishing rate is therefore tied to the
LiDAR scan-arrival rate.

For the Livox Mid-360 sensor at 100 Hz, an accumula-
tor collecting 10 packets per IESKF cycle yields a ∼10 Hz
publishing rate. At a flight speed of 2 m/s, the controller re-
ceives a new pose every 0.2 m of travel and must extrapo-
late between updates—an extrapolation that is unsafe for tight
closed-loop control. Three structural issues underlie this:

Publishing rate coupled to LiDAR rate. When scan
processing exceeds the inter-scan period, for example during
heavy ikd-Tree insertions, the publishing rate degrades below
10 Hz. The rate is therefore not a guarantee but a best-case.

Absence of velocities. The published odometry message
carries only the pose; the velocity component is left at zero.
The flight controller must numerically differentiate position
to obtain velocity, amplifying high-frequency noise and in-
troducing at least one sampling period of lag.

Single-threaded execution. The baseline serializes IMU
buffering, LiDAR buffering, IESKF processing, and publish-
ing on a single thread. While the IESKF processes a scan, the
IMU samples are queued. When publishing happens at the
end of scan processing this serialization is harmless; mov-
ing the publication to the IMU sample rate to achieve 200 Hz
makes blocking the dominant bottleneck.

4 IMU-RATE FORWARD PROPAGATION

4.1 Operating Principle
The IESKF correction occurs at the accumulated LiDAR

rate (∼10 Hz). Between corrections, each new IMU sample
propagates the state forward using the inertial dynamics. The
propagation does not replace the filter; it uses the most recent
corrected state as an anchor and applies single-step integra-
tion with the current IMU measurement.

Let ta denote the time of the last IESKF correction and

(Ra,pa,va,bg,a,ba,a,ga) the corrected anchor state. For
an IMU sample at time t > ta with raw measurements ωm
and am, the bias-corrected angular velocity and body-frame
acceleration are

ω = ωm − bg,a, ab = am − ba,a, (1)

and the world-frame acceleration is aw = Raab + ga. With
∆t = t− ta, the propagated state is

p(t) = pa + va∆t+
1
2aw∆t

2, (2)
v(t) = va + aw∆t, (3)
R(t) = Ra Exp(ω∆t), (4)

where Exp : R3 → SO(3) is the SO(3) exponential map.
Equation (4) is the zeroth-order discretization, treating ω as
constant over ∆t; this is appropriate at the 5 ms IMU period.
The integration also assumes that Ra, the biases, and gravity
remain constant over ∆t. For ∆t < 0.1 s (the nominal 10Hz
IESKF rate), the resulting error is on the order of centime-
ters in position and fractions of a degree in orientation [7]—
negligible relative to the controller’s resolution.

4.2 Anchor Update
Each IESKF correction copies its output state to the prop-

agation anchor under mutex protection. The anchor stores po-
sition, velocity, rotation, gyroscope and accelerometer biases,
gravity, and the timestamp of the corresponding scan end.
The next IMU sample resets ∆t to a small value, so prop-
agation never accumulates error beyond the inter-correction
interval.

4.3 Body-Frame Velocities
The IESKF state vector includes velocity in the world

frame, v ∈ R3. The flight controller requires velocity in the
body frame, obtained via the inverse rotation:

vb(t) = R(t)⊤v(t). (5)

The angular velocity in the body frame is the bias-corrected
gyroscope measurement, available directly from (1). Both
quantities populate the previously-empty Twist field of the
published Odometry message.

5 THREADING AND CONCURRENCY

5.1 Dual-Executor Isolation
To publish at 200 Hz, the IMU callback must execute

without delay at every sample. A single-threaded executor
cannot satisfy this when scan processing takes tens of mil-
liseconds (typical during heavy ikd-Tree insertions): under
load, the IMU callback is starved for the duration of every
IESKF cycle and the effective publishing rate degrades to the
LiDAR rate.

The fix uses two independent single-threaded executors.
The IMU callback is registered to an exclusive callback group
assigned to a dedicated executor that runs on its own thread;
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the LiDAR callback, IESKF timer callback, and point-cloud
publishers are assigned to the main executor. The IMU thread
is therefore decoupled from scan-processing time and con-
tends only for shared mutexes, not for execution slots.

5.2 Mutex Contention from In-Buffer Preprocessing
Even with separate executors, the IMU thread can be

blocked if it requires a mutex held by the main thread. In
the baseline, the LiDAR callback acquires the buffer mutex
before performing scan preprocessing (point filtering, format
conversion), an operation that takes several milliseconds.

The fix is to perform preprocessing outside the mutex-
protected section. The mutex is acquired only for the buffer
insertion of the preprocessed scan, an operation that takes mi-
croseconds. This reduces mutex hold time by approximately
three orders of magnitude.

5.3 Race Condition in Synchronization
The packet synchronization function pairs LiDAR scans

with IMU measurements to form IESKF inputs. In the base-
line, this function accesses shared buffers without mutex pro-
tection. Under single-threaded execution this is safe; un-
der the dual-executor architecture, concurrent writes from the
IMU callback and reads from the synchronization function
constitute a data race that occasionally produces malformed
input pairs and silently degrades estimator accuracy.

The fix protects the synchronization function with the
same mutex that guards the buffers. The mutex critical sec-
tion is short (single-pass over both buffers), and the operation
does not appear in any benchmark trace because it is masked
by IESKF processing.

5.4 Path Message Serialization
A secondary bottleneck arises from publishing the

nav msgs::Path message at the IMU rate. Path accu-
mulates the full trajectory; at 200 Hz, after 30 s of flight the
message contains 6000 poses and serialization consumes sig-
nificant CPU on the IMU thread. The fix throttles Path pub-
lication to 10 Hz; the message is visualization data, not con-
trol data, and the rate reduction has no functional effect.

6 FILTERING AND ROBUSTNESS

6.1 EMA on Velocity and SLERP on Orientation
Single-step integration of accelerometer measurements

transfers high-frequency noise directly to the propagated
velocity, producing typical fluctuations of ∼0.2 m/s (and
several-m/s peak excursions on the vertical axis, see Figure 4)
that a finely-tuned velocity controller would amplify into ac-
tuator oscillations. We apply a first-order exponential moving
average (EMA) to the published body-frame velocities:

v̄b[k] = αvb[k] + (1− α)v̄b[k − 1], (6)

with the same form applied to the body-frame angular ve-
locity. The cutoff frequency at sampling rate fs is fc =
(fs/2π) ln(1/(1 − α)). For fs = 200Hz and α = 0.05,

IMU executor

LiDAR executor

/livox/imu
200 Hz

IMU
callback

Forward
propagation

/odom
200 Hz

/livox/lidar
100 Hz

Accumulator +
preprocess +

sync_packages

IESKF
update

/path
10 Hz

Anchor state
pose, vel, biases, t

(mutex)

read

write

Figure 2: Dual-executor threading architecture. The IMU
callback runs on its own single-threaded executor (top) and
publishes the 200 Hz /odom stream by forward-propagating
from the shared anchor state. LiDAR preprocessing and
IESKF correction run on a second executor (bottom) and
write the anchor on each successful update. The anchor state
(pose, velocity, biases, timestamp) is mutex-protected; the
critical section is short and the synchronization function ac-
quires the same mutex.

fc ≈ 1.6Hz, which removes accelerometer noise without sig-
nificantly attenuating drone maneuvers under the precision-
hover and indoor-trajectory regimes used in our validation
(closed-loop bandwidth ≲ 1Hz). Aggressive flight regimes
(racing-style trajectories, heavy payload swings) extend the
controller bandwidth above this cutoff and require a larger α
at the cost of higher noise pass-through.

Quaternion filtering cannot be performed component-
wise. We use spherical linear interpolation (SLERP):

q̄[k] = SLERP (q̄[k − 1],q[k], α) , (7)

which respects the manifold structure of S3 and reduces to
weighted-and-normalized linear interpolation for small angu-
lar changes between consecutive samples.

Linear-velocity filtering is applied after the rotation to the
body frame, not before; filtering in the world frame and then
rotating injects gyroscope noise into the otherwise-clean fil-
tered signal.

6.2 Chained Propagation under LiDAR Interruption
If LiDAR scans stop arriving (sensor obstruction, packet

loss in the DDS network, transient driver failure), the anchor
timestamp freezes and ∆t grows without bound. For large
∆t, the constant-rotation assumption of (2) breaks down and
integration error becomes quadratic.

When ∆t exceeds 0.5 s, the propagation is chained: the
propagated state becomes the new anchor for subsequent
IMU samples,

pa,va,Ra, ta ← p(tk),v(tk),R(tk), tk. (8)
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Biases and gravity are not updated during chaining, since the
IESKF estimate remains the best available. Each subsequent
integration operates on a small ∆t (the IMU period, 5 ms),
avoiding quadratic error accumulation.

6.3 Anchor Timestamp Guard

When IESKF processing of a scan takes longer than the
inter-scan period, the IESKF may attempt to overwrite the
anchor with a state whose timestamp is earlier than what
chained propagation has already advanced to. This would
produce a backward jump in the published odometry. The fix
conditions the write of position, velocity, rotation, and times-
tamp on the new timestamp being later than the current an-
chor. Biases and gravity are always updated, since they are
independent of the time index.

7 FLIGHT-TEST VALIDATION

We validate the modifications on the quadrotor shown in
Figure 1: a Livox Mid-360 LiDAR, a Pixhawk 4 Mini au-
topilot, and a Jetson Orin NX running ROS 2 (Humble), with
a takeoff weight of approximately 1.8 kg and a 4S 5000 mAh
battery. Validation flights were conducted in the Drone Arena
of the Centre for Automation and Robotics (CAR), Universi-
dad Politécnica de Madrid, operated by the Computer Vision
& Aerial Robotics (CVAR) Group. The arena is a 6×6×12m
volume instrumented with 16 OptiTrack motion-capture cam-
eras providing 6-DOF ground-truth pose at 100Hz with sub-
millimeter accuracy.

The flight stack is built on the Aerostack2 framework [8],
which provides the high-level mission management, be-
haviour layer, and state-machine orchestration. The inner-
loop position and attitude controller is a differential-flatness
controller [9] that exploits the quadrotor’s flatness property
to compute attitude and thrust setpoints from desired posi-
tion trajectories and their derivatives; this controller is the
principal consumer of the high-rate odometry and velocity
stream produced by the modifications described in this paper.
Two autonomous indoor flight sequences are used in what
follows. A 58 s sequence, replayed under identical inputs
through both the baseline FAST-LIO and the modified im-
plementation, supports the publishing-rate histogram and the
trajectory-accuracy comparison (Figure 3, Table 2). A sepa-
rate 60 s sequence supports the body-frame velocity tracking
analysis (Figure 4); the same sequence, with a 1.5 s contigu-
ous block of /livox/lidar messages removed offline be-
fore replay through both implementations, is used to exercise
the chained-propagation fallback (Figure 5).

7.1 Publishing Rate

Figure 3 shows the inter-message interval distribution for
the published odometry topic, comparing the baseline against
the modified implementation. The modified implementation
publishes at a mean interval of 5.00 ms (σ = 0.90ms, p99 =
6.95ms) — a steady 200 Hz — while the baseline distribution

0 25 50 75 100 125 150 175
t between published odometry messages [ms]

100

101

102

103

co
un

t

FR-LIO  (mean 5.00 ms,  0.90 ms)
Baseline FAST-LIO  (mean 100.5 ms,  6.4 ms)

Figure 3: Inter-message interval distribution for the published
odometry topic on a log-scale y-axis. The modified imple-
mentation (blue) concentrates at ∆t = 5ms (f = 200Hz,
σ = 0.90ms), while baseline FAST-LIO (orange) publishes
at the scan rate near ∆t = 100ms (σ = 6.4ms).

sits at 100.5 ms (σ = 6.4ms, p99 = 107.8ms), reflecting its
scan-rate publishing.

7.2 Trajectory Accuracy

Metric Baseline Modified

ATE RMSE (cm) 11.7 5.2
ATE median (cm) 4.7 3.8
ATE max (cm) 32.4 28.3
RPE 1 s (cm) 4.9 2.4

Table 2: Trajectory accuracy against motion-capture ground
truth on a 58 s indoor flight. Each LIO trajectory is rigidly
aligned to ground truth via least-squares SE(3) over the first
5 s of motion (motion onset detected at GT speed > 0.1 m/s
sustained for 0.3 s).

Table 2 compares the published trajectory against motion-
capture ground truth. The modified implementation matches
the baseline on median ATE within 1 cm while approximately
halving the RPE (1 s) drift, reflecting the tighter timing of
the dual-executor architecture without altering the iterated
Kalman update. The ATE max values (28–32 cm) for both
implementations are isolated transients during rapid yaw seg-
ments where the IESKF registration is briefly mis-constrained
by the Mid-360’s reduced lateral overlap; the median and
RMSE are the load-bearing comparison numbers.

7.3 Velocity Tracking

Figure 4 compares published body-frame velocities
against ground-truth velocities derived from motion-capture
position with a zero-phase Savitzky–Golay smoother (21-
tap, order 3). Over the 60 s flight, the EMA-filtered output
tracks ground truth with RMSE 0.05 m/s on the horizontal
axes (vx, vy) and 0.10 m/s on vz . The high-frequency con-
tent removed by the EMA, measured as the standard devi-
ation of the unfiltered–filtered difference, is 5–11 cm/s per
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Figure 4: Body-frame linear-velocity tracking against
motion-capture ground truth. EMA filter (α = 0.05, fc ≈
1.6Hz) removes accelerometer noise without lagging the
controller-bandwidth signal.

axis. The largest reduction is on vz , where the propagator’s
peak-to-peak noise drops from 6.6 m/s to 2.1 m/s, eliminat-
ing the high-bandwidth content that would otherwise excite
the thrust loop. The magnitude of the unfiltered vz noise
reflects the operating environment of a body-mounted IMU
on a quadrotor: motor harmonics in the 100–300 Hz range
alias into the 200 Hz sample rate, and even a small misalign-
ment of the estimated gravity vector projects onto vz when
integrated. The EMA at fc ≈ 1.6Hz attenuates this content
without touching the sub-Hz controller-bandwidth signal.

7.4 LiDAR-Interruption Resilience
To exercise the chained-propagation fallback, we ap-

ply the offline 1.5 s LiDAR-removal described above to the
60 s sequence used in Figure 4 and replay the resulting bag
through both implementations. Figure 5 shows the result-
ing position traces. The modified implementation continues
publishing throughout, accumulating approximately 49 cm of
drift across the dropout. This drift reflects open-loop IMU in-
tegration at hover and converges back to ground truth on the
next IESKF correction. The baseline implementation freezes
at the last EKF state and resumes only when LiDAR returns.
A controller running at 200 Hz under the modified implemen-
tation thus sees a smoothly drifting estimate rather than a dis-
continuity, which is the property that keeps the inner loop
stable across the dropout.

8 CONCLUSION

We presented a set of architectural modifications
that transform a benchmark-oriented tightly coupled Li-
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LiDAR dropout
Ground truth

FR-LIO
Baseline FAST-LIO
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Time since dropout start [s]

1.8

2.0

2.2

z [
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]
Figure 5: Position traces (x, y, z) before, during, and after a
1.5 s synthetic LiDAR dropout (gray band). The modified im-
plementation (blue) continues publishing through the dropout
via chained IMU propagation, accumulating ∼0.49 m of drift
in body-frame position; baseline FAST-LIO (orange) freezes
at the last EKF state until LiDAR resumes. Both implemen-
tations re-converge to ground truth (black) within one update
after LiDAR returns.

DAR–inertial odometry implementation into a flight-ready
system for embedded UAV platforms. Experimental results
demonstrate that these changes substantially improve deploy-
ment characteristics without altering the underlying estimator
architecture. As shown in Figure 3, the proposed system in-
creases odometry output from the baseline scan-coupled rate
of approximately 100 ms between updates ( 10 Hz) to a sta-
ble 5.0 ms interval (200 Hz), while significantly reducing tim-
ing variability. The modifications also preserve—and in some
cases improve—estimation quality. Table 2 shows that trajec-
tory accuracy remains comparable to the baseline in median
ATE (3.8 cm vs. 4.7 cm), while reducing ATE RMSE from
11.7 cm to 5.2 cm and approximately halving the 1 s rela-
tive pose error (4.9 cm to 2.4 cm). Body-frame velocity esti-
mation further achieves tracking errors below 0.1 m/s on all
axes while attenuating high-frequency noise, particularly on
the vertical channel where peak-to-peak fluctuations decrease
from 6.6 m/s to 2.1 m/s (Figure 4).

Finally, Figure 5 demonstrates resilience to transient sen-
sor failures: during a synthetic 1.5 s LiDAR interruption, the
proposed approach continues publishing state estimates and
limits drift accumulation to approximately 0.49 m, whereas
the baseline freezes until measurements resume. Together,
these results show that the proposed modifications improve
timing, velocity availability, and robustness while preserving
estimator accuracy. Because the IESKF + ikd-Tree estima-
tion core remains unchanged, the approach can be directly
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integrated into FAST-LIO2-derived systems and generalized
to other LIO implementations where correction updates oper-
ate more slowly than IMU propagation.
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ABSTRACT

This paper presents a guidance algorithm for mi-
cro aerial vehicles operating in unknown, clut-
tered environments using only onboard sensing.
The method is based on a panel formulation orig-
inally derived from aerodynamic potential-flow
theory and generates smooth, collision-free guid-
ance vectors from locally perceived obstacles.
The approach is extended to unknown environ-
ments by constructing and updating the obsta-
cle representation online from onboard LiDAR
measurements. The resulting obstacle-avoidance
field is integrated with a nominal guiding vector
field to produce the final control input. The sys-
tem is experimentally validated in indoor flight
tests under two scenarios: waypoint navigation
and directional guidance. In both cases, the ve-
hicle successfully completes its task while avoid-
ing all obstacles in real time using only on-
board perception. The results demonstrate that
the method is computationally lightweight and
suitable for onboard implementation, with point-
cloud processing identified as the main practical
limitation. These results support the feasibility
of lightweight onboard guidance in unknown en-
vironments.

Keywords: micro aerial vehicles, autonomous
navigation, obstacle avoidance, LiDAR, panel
method, unknown environments.

1 INTRODUCTION

Advances in technology have made autonomous micro
aerial vehicles (MAVs increasingly important across a wide
range of applications such as search and rescue and disas-
ter relief. Thanks to their small size and low weight, MAVs
can reach locations inaccessible to humans, be deployed in
large numbers, and provide vantage points that would oth-
erwise be unattainable. In many of these scenarios, MAVs
must operate in unknown environments for which no prior
map is available. For example, in forests or disaster zones,
pre-mapping all obstacles is often infeasible. Consequently,

*Email address: joao.machado@enac.fr, zeynep.bilgin@irit.fr ,
matthieu.verdoucq@enac.fr, murat.bronz@enac.fr

Figure 1: Stage overview of the project. The obstacles, represented on the
left, are reconstructed with LiDAR data, as illustrated in the middle. The
model of the drone used during the experiments can be seen on the write. It
runs onboard with a Raspberry Pi running the nominal guidance and PGFlow
algorithms, producing velocity commands that are passed to the onboard pa-
parazzi micro-controller.

onboard sense-and-avoid capability is essential for mission
success. Operating reliably under these conditions requires
a robust guidance system that is lightweight enough to run
onboard the MAV.

In many of these applications, MAVs are deployed by per-
sonnel who may not have extensive experience in piloting
aerial robots. This motivates the development of guidance
systems that reduce operator workload by abstracting low-
level control tasks such as continuous obstacle avoidance, al-
lowing users to focus on high-level mission objectives. Such
capabilities are particularly valuable in time-critical missions
where trained operators may be limited or unavailable.

1.1 Related work

Existing approaches to UAV guidance in unknown
environments fall broadly into two categories: optimization-
based methods and reactive methods. The first formulates
guidance as a trajectory optimization problem and has
converged on two competing paradigms. Hard-constraint
corridor and mixed-integer (MIQP) planners such as
FASTER [1], MADER [2], HDSM [3], DYNUS [4], and
SANDO [5] guarantee collision-free trajectories. Whereas
soft-constraint gradient-based planners like EGO-Planner [6],
EGO-Swarm [7], and SUPER [8] embed collision risk as
a penalty term to achieve faster computation at the cost of
any formal safety guarantee. These methods typically pair a
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global planner with a local planner that compute and refine
a safe path online. Their main drawbacks are that they
generally rely on constructing and maintaining a map of the
environment and that solving the underlying optimization is
computationally demanding, which can limit the achievable
replanning rate on the constrained hardware of a small MAVs.

The second category comprises reactive methods, which
compute control commands directly from instantaneous sen-
sor data. Recent reactive guidance for UAVs in cluttered, un-
known environments has developed along three main lines.
The first is control barrier function (CBF) safety filters op-
erating directly on LiDAR or point-cloud data, exemplified
by the composite CBF filter of Harms et al. [9], which steers
an onboard LiDAR quadrotor through unknown indoor and
outdoor clutter while handling thousands of constraints. The
second is velocity obstacle and ORCA schemes, increasingly
used together with model-predictive control [10] and rein-
forcement learning [11] for multi-agent and dynamic obsta-
cle avoidance. The third is potential field, guidance vector
field methods, which remain heavily used but are increasingly
embedded as components within optimisation frameworks as
local planners rather than deployed as standalone controllers.
Because they act on live sensor measurements rather than on
a global map, reactive methods offer low computational cost,
short reaction latency, and map free operation, making them
well suited to the limited onboard resources of an MAV. Their
classical weaknesses lie in completeness, optimality, oscilla-
tion, and the absence of continuous time safety guarantees.
Potential field methods in particular remain widely used but
are well known to suffer from local minima, where compet-
ing attractive and repulsive forces can trap the vehicle short
of its goal. In [12] this is mitigated by embedding the field
within an MPC formulation .

The guidance method proposed in this work superposes
the velocity vector fields generated by two algorithms. The
nominal motion is generated using the convergent guid-
ing vector field proposed in [13], while obstacle avoidance
is achieved using the harmonic potential field approach of
[14, 15]. Both algorithms are individually free of local min-
ima under their respective assumptions, while being compu-
tationally light. Although no formal proof exists that their
superposition preserves this property, [13] provides an intu-
itive argument for why undesired local minima are unlikely
to arise. The practical effectiveness of the proposed guidance
strategy is further demonstrated through the experimental re-
sults presented in section 4.

The harmonic potential field approach of [14] assumes
complete a priori knowledge of obstacle locations and ge-
ometries. Although several studies have extended potential
flow guidance to unknown environments, important limita-
tions remain. In [16], obstacle avoidance was demonstrated
for an aerial vehicle operating in an unknown environment,
but only in hardware-in-the-loop simulation. The related

panel method framework proposed in [17] was validated in
unknown environments using a ground robot rather than an
aerial platform. More recently, [18] considered potential flow
guidance for UAVs in unknown environments, but validation
was limited to simulation. This work addresses these limita-
tions by proposing an onboard lightweight system that inte-
grates LiDAR-based obstacle detection with a collision-free
guidance strategy that operates without prior knowledge of
the environment and is validated through real flight experi-
ments.

1.2 Contributions

This paper presents a computationally lightweight on-
board guidance system for MAV navigation in unknown en-
vironments using only onboard LiDAR sensing. The pro-
posed approach combines a convergent guiding vector field
with harmonic potential-flow obstacle avoidance and oper-
ates without prior knowledge of obstacle locations or geome-
tries. The system is validated experimentally in two repre-
sentative scenarios: waypoint navigation and commanded-
direction flight.

The main contributions are:

• A guidance system that autonomously avoids obsta-
cles, reducing operator workload by removing the need
for manual obstacle avoidance;

• Full onboard integration of a computationally light
functional LiDAR obstacle detection system and
collision-free guidance algorithm.

An overview of the project can be seen in Fig. 1.

2 PROBLEM FORMULATION

The objective is to integrate LiDAR dynamic obstacle de-
tection with a collision-free guidance algorithm. To validate
the proposed system, two representative flight scenarios are
considered in an unknown environment with unknown and
dynamic obstacles. In both cases, the MAV has no prior map
of the environment and must continuously detect and avoid
obstacles in real time using onboard sensing.

The first scenario considers waypoint navigation. The
MAV is initially located at an arbitrary position and is com-
manded by a human operator to reach a goal waypoint. Upon
reaching this location, the operator may update the mission
by assigning a new waypoint (e.g., returning to the starting
location). The vehicle must therefore repeatedly track user-
defined waypoints while autonomously handling all obstacle
avoidance.

The second scenario considers directional guidance. In-
stead of fixed waypoints, the operator specifies a desired di-
rection of motion that can be updated during flight. The MAV
is required to continuously progress along the commanded di-
rection while autonomously avoiding obstacles encountered
along its path.
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Together, these two scenarios evaluate the system under
operational modes where operators do not need extensive pi-
loting expertise, relying on autonomous obstacle avoidance
to safely execute missions in cluttered and unknown environ-
ments.

3 SYSTEM ARCHITECTURE

The guidance algorithm presented in [13] is used to gen-
erate the drone’s nominal motion. In addition to its low com-
putational cost, the algorithm is particularly well suited to the
proposed approach because it is based on the superposition
of vector fields. The original formulation does not address
obstacle avoidance and so it is augmented with an obstacle-
avoidance module described in the next section, which like-
wise relies on the superposition of velocity vector fields.

Obstacles are detected using an onboard Livox MID-
360 LiDAR sensor, which produces dense three-dimensional
point clouds which are processed into usable obstacles and
sent to the guidance algorithm. The full system architecture
can be observed in Fig. 2.

3.1 Nominal motion
To apply the algorithm in [13], it is necessary to compute

the normal and tangent vectors to the point and line mani-
folds. The position of a point can be expressed in a three-
dimensional Cartesian space by:

x− px = 0 y − py = 0 z − pz = 0

where (px, py, pz) ∈ R3. Defining Fp(x, y, z) :=[
Fp,1 Fp,2 Fp,3

]⊺
=
[
x− px y − py z − pz

]⊺
, the

normal and tangent manifold vectors can be obtained [13]:

∇Fp,1 :=
[
1 0 0

]⊺ ∇Fp,2 :=
[
0 1 0

]⊺

∇Fp,3 :=
[
0 0 1

]⊺
τp :=

[
0 0 0

]⊺

Accordingly, a line parallel to xOy can be defined as:

z − z0 = 0

− sinα(x− x0) + cosα(y − y0) = 0

where (x0, y0, z0) ∈ R3 is an offset given to the
line and α the desired angle between the line and
the x-axis. Defining Fl(x, y, z) :=

[
Fl,1 Fl,2

]⊺
=[

z − z0 − sinα(x− x0) + cosα(y − y0)
]⊺

, the normal
and tangent manifold vectors can be obtained:

∇Fl,1 :=
[
0 0 1

]⊺ ∇Fl,2 :=
[
− sinα cosα 0

]⊺

τl :=
[
cosα sinα 0

]⊺

These can be directly introduced into the guidance algo-
rithm to compute a velocity command prior to obstacle detec-
tion, V :

Point: V = −vd
kc
3

3∑

i=1

Fp,i
∇Fp,i
∥∇Fp,i∥

Line: V = vd

(
τl
∥τl∥

− kc
2

2∑

i=1

Fl,i
∇Fl,i
∥∇Fl,i∥

) (1)

where vd is the desired velocity along the tangent vector1 and
kc is an arbitrary convergence gain. Note that for the line
case, the drone is not converging to a particular line path. It
is following the direction of the line, and so (1) reduces to:

Line: V = vd
τl
∥τl∥

See [13] for a detailed derivation of the algorithm.

3.2 Obstacle avoidance with PGFlow
For obstacle avoidance, the PGFlow algorithm [15, 19] is

employed. PGFlow is a fluid dynamics inspired method that
models obstacles as collections of one dimensional panels in
a two-dimensional plane. Each panel is represented by a line
source (or vortex, depending on the formulation), generating
an irrotational velocity field around the obstacle. Fig. 3 illus-
trates how an obstacle is decomposed into panels.

Since obstacle avoidance is generally more critical in the
horizontal plane, only the x and y components of the repul-
sive field are considered. Although the method can be ex-
tended to three dimensions, this significantly increases com-
putational complexity. Vertical collision avoidance can in-
stead be handled through a simpler repulsion mechanism act-
ing along the z-axis.

Given a panel i with vertices poi1 → (xoi1 , yoi1) and
poi2 → (xoi2 , yoi2), its control point is defined as the cen-
tre point of the panel.

pci :=
(poi2 − poi1)

2
+ poi1 → (xci, yci)

The velocity command given to the drone is:

ẋ = Vx −
m∑

i=1

λi
2π

∫

i

∂

∂x
lnRidli

ẏ = Vy −
m∑

i=1

λi
2π

∫

i

∂

∂y
lnRidli

where V =
[
Vx Vy

]⊺
is the velocity command prior to

PGFlow, m is the total number of panels, λi is the strength of
panel i, Ri is the distance from the drone to a point on panel
i, and dli is the differential length element along panel i.

The panel strengths are computed such that the normal
velocity at each panel control point satisfies Vi ≥ 0, prevent-
ing trajectories from penetrating the obstacle boundary and
thereby producing a repulsive effect:

1for the point case, since the tangent vector is 0, this can be simply treated
as a gain and the total convergence gain becomes k′c := vdkc.
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Figure 2: System architecture and respective data flow. LiDAR sends captured data to the Raspberry Pi where it is then processed by the different modules.
The guidance algorithm generates the velocity commands sent to the autopilot. The autopilot fuses the vehicle’s position and velocity captured by OptiTrack
into the full vehicle’s state, sending it to the Raspberry Pi. It also convert the velocity commands into the appropriate motor commands.

Figure 3: The obstacle (gray) is decomposed into panels (black) that act as
a line source for the guidance of the drone. The panels are inflated (red) by
at least half the drone’s size so that collision avoidance is guaranteed. The
control points (green) are located at each panel’s half length.

For panel i :

λi
2

+

m∑

i̸=j

λj
2π
Iij = −Vi + V (xci, yci) · −→ni

where Iij is the panel interaction matrix [15], and ni is the
outward-pointing normal vector of panel i. See [15] and [14]
for a detailed derivation and discussion of the algorithm.

To account for the physical dimensions of the drone, ob-
stacles must be inflated by at least half the characteristic size
of the vehicle. Under these conditions, the method guarantees
that the drone does not collide with the obstacles. This is also
validated empirically on section 4.

In the proposed implementation, the obstacle panels used
by PGFlow are not known a priori. They are extracted from
onboard LiDAR data.

3.3 LiDAR-based obstacle extraction

Obstacle detection is performed using a Livox MID-360
solid-state LiDAR operating at approximately 10 Hz. At each
scan, the sensor produces a high-density point cloud in the Li-
DAR local coordinate frame. The objective of the perception

layer is to extract a compact set of obstacles that can be di-
rectly used by PGFlow.

The LiDAR scans are acquired onboard by a Raspberry
Pi using a C++ driver based on Livox-SDK2 and published
through a ZeroMQ stream. The drone’s position is provided
by the OptiTrack via XBee radio modem fused onboard with
the drone’s IMU. The LiDAR scans are then associated with
the corresponding state estimate and transformed into a com-
mon ENU frame.

To reduce computational cost, the point cloud is first
downsampled using a voxel grid with voxel side length s =
0.2 meters. Each point pi = (xi, yi, zi) is assigned to a voxel
index

Ki = 1000003 kxi
+ 1001 kyi + kzi ,

where

kxi =
⌊xi
s

⌋
, kyi =

⌊yi
s

⌋
, kzi =

⌊zi
s

⌋
.

All points assigned to the same voxel are replaced by their
centroid. The resulting cloud is then cropped to the region of
interest, which corresponds to the size of the used portion of
the arena,

x, y ∈ [−3, 3] m, z ∈ [0.5, 3] m,

and points closer than 0.2 m to the sensor are discarded to
remove returns from the vehicle body or from very near-field
artifacts.

The filtered points are projected onto the horizontal plane
and grouped into clusters. Candidate obstacle faces are ex-
tracted from each cluster using iterative RANSAC line fitting,
allowing multiple planar faces to be identified within a single
cluster. The extracted line segments are filtered according to
geometric consistency, including minimum length, point sup-
port, continuity, and thickness, to reject spurious detections
and over-extended fits.
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(a) (b)

Figure 4: Raw pointcloud generated by the LiDAR (a), in green, and result-
ing obstacle segments, in blue, after processing by RANSAC (b).

The remaining segments are associated with a temporal
segment map, where compatible observations update existing
segments and unmatched observations initialize new ones.
Repeated detections increase the confidence of a segment,
while temporary occlusions are handled by maintaining seg-
ments for a limited duration before removal.

The perception layer outputs an obstacle-indexed collec-
tion of segments, each defined by its endpoints, tangent direc-
tion, outward normal, and confidence. This compact repre-
sentation is passed directly to the PGFlow guidance algorithm
for real-time obstacle avoidance. The raw LiDAR generated
pointcloud can be observed in Fig. 4a. Fig. 4b shows the
obstacle segments generated from that same pointcloud. The
full LiDAR obstacle detection and processing pipeline can be
observed in Fig. 5.

4 RESULTS

4.1 Experimental setup

Indoor experiments are conducted in the Toulouse Occi-
tanie Drone Flight Arena at ENAC, Toulouse, France. The
flight arena measures 10× 10 meters, and all experiments are
performed using a quadrotor equipped with the Paparazzi au-
topilot system [20]. The arena is equipped with a 16-camera
OptiTrack motion capture system, which provides a highly
accurate real-time state estimation of the vehicle.

During flight, the vehicle’s position and velocity are es-
timated by the OptiTrack system and transmitted via XBee
radio modem and fused onboard with Paparazzi’s IMU for
full state estimation. Obstacle perception is performed ex-
clusively onboard using the LiDAR sensor described in the
previous section.

The obstacles are placed at fixed locations in the arena,
as shown in Fig. 6. However, their positions are not known a
priori to the drone and are assumed to be non-static from the
vehicle’s perspective. Consequently, the drone continuously
scans the environment and executes the obstacle detection al-
gorithm at every time step.

The physical specifications of the vehicle can be found in
Table 1.

Table 1: Physical specifications of the vehicle used for the experiments.

Specification Value
Mass 1200 g
Maximum thrust 40 N
Battery 7000 mAh, 11.1 V (3-cell)
Motors T-motor air gear 450 V2
Flight time ∼20 min
LiDAR Livox Mid-360, 10 Hz
Companion computer Raspberry Pi 5
Autopilot Tawaki V2.0 (Paparazzi)

4.2 Scenario 1: Waypoint guidance
In the first scenario, the vehicle is required to navigate

from waypoint A = (−2,−4) meters to waypoint B =
(2, 4) meters and return to the starting position. The chosen
parameters for (1) are vd = 0.5 meters per second and kc = 1.
The maximum velocity is limited to 0.5 meters per second for
safety. Two obstacles are placed at (−1.5,−1.75) meters and
(−0.5, 2) meters.

The resulting trajectory is shown in Fig. 7a. The vehi-
cle successfully reaches both waypoints while maintaining
collision-free operation throughout the experiment.

4.3 Scenario 2: Directional guidance
In the second scenario, the vehicle is tasked with follow-

ing a reference direction. The commanded direction is ini-
tially (0, 1) and is later changed to (1, 0). The chosen param-
eters for (1) are vd = 0.5 meters per second and kc = 1. The
maximum velocity is again limited to 0.5 meters per second.
Three obstacles are placed at (−2, 1) meters, (1.5, 0.5) me-
ters, and (−1,−2) meters.

The resulting trajectory is shown in Fig. 7b. The vehicle
is able to track the commanded direction while avoiding the
obstacles.

5 DISCUSSION

The experimental results demonstrate the feasibility of
the proposed guidance system in unknown environments us-
ing only onboard LiDAR sensing. In both validation scenar-
ios, the MAV successfully achieved its objectives, reaching
the requested waypoints in the waypoint-navigation scenario
and following the commanded direction in the directional-
guidance scenario while avoiding all detected obstacles.
However, the resulting trajectories exhibit noticeable oscil-
lations and sharp turns rather than smooth paths. This be-
haviour is primarily attributed to instabilities in the obstacle
detection algorithm. The estimated obstacles changed dimen-
sions erratically between frames. These fluctuations caused
corresponding variations in the repulsive forces generated by
PGFlow, leading to oscillatory trajectory corrections.

The MAV operated at a relatively low speed of approxi-
mately 0.5,m/s. Further validation is required before evalu-
ating the proposed guidance system at higher flight speeds.
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Livox LiDAR Downsampling ROI filtering Clustering RANSAC Temporal map PGFlow

 

Figure 5: LiDAR’s obstacle detection and processing pipeline. The raw data is captured by the Livox LiDAR sensor and then processed along the pipeline until
it can be used by PGFlow to generate the appropriate velocity commands for the drone.

(a) (b)

Figure 6: Experimental setups for the go to waypoint, (a), and follow direc-
tion, (b) scenarios. On (a) two obstacles are placed between the waypoints
the drone has to reach. On (b) the drone has to navigate around three obsta-
cles while following the nominal direction command.

(a) (b)

Figure 7: Experimental drone trajectories for the first, (a), and second, (b),
scenarios. (a) The drone starts at waypoint A, flies to waypoint B, and re-
turns to waypoint A while moving counter-clockwise (black arrows). The
trajectory (blue) successfully avoids the obstacles (zebra-patterned squares).
(b) For each coloured trajectory segment, the commanded direction is in-
dicated by the arrow of the corresponding colour. The resulting trajectory
successfully avoids the obstacles.

Additionally, all obstacles considered in the experiments
were static. The current approach is not designed to han-
dle fast-moving obstacles, as it relies solely on their instan-
taneous positions. To address this limitation, a future exten-
sion could incorporate an obstacle motion prediction module
to estimate future obstacle positions.

Rather than continuously performing low-level obstacle
avoidance, the operator is only required to specify a desired
direction of travel while the vehicle autonomously reacts to
the surrounding environment. Although no formal user study
was conducted, this mode of operation has the potential to
reduce operator workload and the level of piloting expertise
required, making the approach attractive for applications such
as search and rescue, where personnel may not have extensive
experience operating MAVs.

The proposed guidance algorithm is computationally ef-
ficient, provided that the number of obstacle panels remains
limited. At each obstacle update, an n×n matrix inversion is
required, resulting in a computational complexity of O(n3),
where n denotes the total number of panels. Consequently,
the computational cost increases rapidly as additional pan-
els are introduced. In practice, however, the number of pan-
els can be kept small by removing redundant or distant pan-
els while preserving an adequate approximation of the ob-
stacle geometry. The PGFlow algorithm runs comfortably
at 100 Hertz. As the number of panels increases, the maxi-
mum frequency at which the obstacle matrix can be computed
decreases. The relationship between this frequency and the
maximum allowed number of detected panels is summarized
in Table 2. Even at higher frequencies the maximum allowed
number of detected panels remains sufficiently high for reli-
able real-time obstacle avoidance.

Table 2: Relation between the frequency at which the obstacle detection al-
gorithm is run and the maximum number of detected panels allowed for real-
time safe obstacle avoidance.

Frequency (Hz) 1 5 10 20
Maximum number of panels 2025 1100 725 506

Obstacle perception proved to be one of the most chal-
lenging components of the system. The dense LiDAR point
cloud makes it difficult to segment individual obstacles and
group the corresponding points, resulting in an unstable ob-
stacle estimation algorithm, where object dimensions would
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change erratically between frames. Furthermore, the com-
plete point cloud is currently transmitted from the C++ Li-
DAR driver to the Python guidance module via TCP before
any processing is performed. A more efficient implementa-
tion would perform the filtering and obstacle extraction di-
rectly within the C++ driver, reducing both communication
overhead and computational cost. Machine-learning-based
methods would probably be a better fit to convert the point
cloud into concrete obstacles.

Several simplifying assumptions were made in this work.
The vehicle state was obtained from an external OptiTrack
motion capture system, eliminating the need for onboard state
estimation. Furthermore, guidance was only considered in
the horizontal plane, with motion along the z-axis being ne-
glected. Consequently, the experimental validation focuses
solely on the proposed guidance strategy.

Only convex obstacles were considered. Concave obsta-
cles are more challenging to navigate around and may intro-
duce stagnation points (local minima) in the guidance field. In
practice, concave obstacles can be approximated using mul-
tiple convex panels, albeit at the cost of approximation accu-
racy.

Finally, the proposed system was validated using a single
MAV. Extending the approach to multi-vehicle operation is a
natural continuation of this work.

6 CONCLUSION

This paper presented a fully onboard integrated guidance
system for MAV navigation in unknown environments, ad-
dressing two scenarios: convergence to user-defined way-
points and tracking of a commanded direction. Obstacle
detection is performed using an onboard LiDAR sensor,
while obstacle avoidance is ensured by a guidance algorithm
[14, 15]. The nominal motion is generated using a guiding
velocity vector field approach [13].

The system was experimentally validated in an indoor
environment with unknown convex obstacles. In both sce-
narios, the MAV successfully achieved its objectives without
encountering local minima, while maintaining low computa-
tional cost. It has not been tested with concave obstacles.

These results demonstrate the feasibility of fully onboard
guidance and obstacle avoidance in unknown environments
using only onboard sensing. This enables intuitive high-level
safe control with minimal operator expertise.
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ABSTRACT

Geo-localization of ground objects from UAV
platforms is a fundamental capability for appli-
cations such as autonomous inspection, search
and rescue, and target tracking. This paper
presents a fully online pipeline for estimating the
geographic coordinates of multiple terrestrial ob-
jects from UAV monocular imagery. The ap-
proach integrates (i) a timestamp interpolation
scheme that synchronizes camera frames with
asynchronous UAV state estimates, (ii) a geo-
metric projection model that maps image de-
tections to ground-plane coordinates using UAV
attitude and position, and (iii) a spatial track-
ing stage based on the Hungarian algorithm and
Kalman filtering that associates and refines re-
peated noisy estimates into a consistent per-
object geo-location. Experiments conducted in
simulation with Gazebo and ArduPilot SITL
across 3 scenarios and 6 flight paths demonstrate
a mean localization RMSE of 0.603 m, with
97.9% of targets successfully identified.
Keywords: Geo-localization; Multi-Object
Tracking; Spatial Tracking; State Interpolation

1 INTRODUCTION

Geolocation of objects from aerial platforms is a key ca-
pability for applications such as mapping, inspection, search
and rescue [1]. When using monocular cameras, this task is
challenging due to the lack of depth information and sensor
asynchrony between the imaging and navigation systems.

An additional challenge lies in maintaining consistent as-
sociations between detections over time. As a UAV tra-
verses its trajectory, each physical target is observed multi-
ple times from different viewpoints and under varying local-
ization noise, producing geo-localization estimates that are
spatially dispersed around the true location [2]. Furthermore,
false detections may contaminate this set with spurious esti-
mates. Consequently, these raw observations must be aggre-
gated, filtered, and associated across frames to yield a con-
sistent and accurate representation of the scene. To this end,

this paper presents a method for estimating the geographic
coordinates of multiple ground objects detected in UAV im-
agery, addressing the inherent noise and association ambigu-
ity through a spatial refinement pipeline.

The main contributions of this work are:

• A timestamp interpolation method that synchronizes
monocular camera frames with asynchronous UAV
state estimates.

• A projection model for monocular geo-localization of
ground objects from UAV attitude and position.

• A spatial tracking and refinement pipeline that asso-
ciates, filters, and consolidates repeated detections into
consistent per-object geo-locations.

2 SYSTEM OVERVIEW

2.1 Problem Statement
The objective of this work is to estimate the geographic

locations of multiple terrestrial objects using a monocular
camera onboard a UAV. During flight, the UAV captures im-
ages while its onboard Flight Controller Unit (FCU) provides
position and attitude estimates. Objects of interest are de-
tected in the images, and their geo-locations are estimated
assuming they lie on the ground plane.

A fundamental difficulty arises from the fact that each
physical object is typically observed multiple times from dif-
ferent viewpoints along the UAV trajectory. These repeated
observations produce multiple geo-localization estimates per
object, as illustrated in Fig. 1. Due to sensor noise, detection
uncertainty, and projection errors, these estimates are spa-
tially dispersed around the true object location. Additionally,
false detections may introduce spurious estimates that do not
correspond to any real object.

Consequently, the raw set of geo-localization estimates
does not directly provide a reliable representation of the
scene. Instead, it consists of a mixture of:

• Multiple estimates corresponding to the same object.

• Estimates belonging to different objects.

• Outliers caused by incorrect detections or localization
errors.
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Therefore, the problem consists not only of estimating
object locations, but also of maintaining consistent associa-
tions between observations over time, correctly identifying
the number of distinct objects, and assigning a single, accu-
rate geo-location to each of them.

Figure 1: Illustration of the problem: multiple observations
generate noisy geo-localizations that must be associated and
refined into a single estimate per object.

2.2 Overview of the Proposed Approach
To address this problem, we propose the workflow illus-

trated in Figure 2, a fully online pipeline composed of two
main components:

• Object Detection and Position Estimation

• Spatial Refinement with Tracking and Filtering

The first component processes each incoming frame in-
dependently. Objects are detected as bounding boxes in the
image using a deep learning-based object detector; then, the
UAV position and attitude are interpolated at the frame times-
tamp, and each detection is projected into geographic coordi-
nates using geometric projection.

The second component maintains a set of object tracks
over time. New geo-localization estimates are associated with
existing tracks using a data association method based on the
Hungarian algorithm [3]. Tracks are progressively refined,
filtered, and either confirmed or discarded based on their tem-
poral and spatial consistencies.

Figure 2: Workflow of the proposed approach.

3 GEO-LOCALIZATION

3.1 Object Detection
For each frame, objects are detected and represented as

bounding boxes. The center of each bounding box is used
as the representative image point. The timestamp at which

each frame was captured is also recorded, enabling interpola-
tion and estimation of the UAV’s position and attitude at that
moment.

We adopt a YOLOv11 model for object detection [4], ow-
ing to its suitability in real-time systems with high-throughput
with low-power constraints [5, 6]. For each detected object,
we record the bounding box center, capture timestamp, de-
tection confidence, and object class. This information can be
used further to improve multi-object tracking and association.

3.2 State Provider and Interpolation

We employ the ArduPilot’s Software In The Loop (SITL)
for UAV control and state estimation. By default, it pro-
vides estimations of the current position and attitude at 10
Hz. However, position and attitude data are published in sep-
arate messages, so they need to be read asynchronously. The
state interpolator maintains two timestamped buffers, one for
position and one for attitude, defined as:

(pi, t
p
i ) (1)

(ai, t
a
i ) (2)

where p = (x, y, z) denotes position in local ENU coor-
dinates, a = (ψ, θ, ϕ) denotes the attitude as yaw, pitch, and
roll angles, and ti is the timestamp of the i-th measurement.

These position and attitude messages are saved in buffers
in the State Provider, with their respective timestamps. This
way, we keep track of the UAV’s movements for up to a
configurable number of messages, currently configured as
buffer size = 200.

The interpolations are implemented as linear movements
between timestamps, i.e., given a moment in time t, we com-
pute a weighted average of the measurements taken at the
neighboring timestamps. Position is interpolated linearly be-
tween consecutive measurements:

p(t) = (1− α)pi + αpi+1 (3)

where α is determined from timestamps, by:

α =
t− ti

ti+1 − ti
(4)

where ti ≤ t ≤ ti+1.
Attitude angles are circular quantities, so direct linear in-

terpolation would produce incorrect results near discontinu-
ities (e.g., wrapping from 359° to 1°). Instead, each angle
is interpolated by averaging its sine and cosine components
separately, then recovering the result via arctangent. Equa-
tion (5) shows how this applies to the yaw angle ψ:

ψ(t) = arctan

(
(1− α)sin(ψi) + αsin(ψi+1)

(1− α)cos(ψi) + αcos(ψi+1)

)
(5)
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3.3 Position Estimator

This module takes as inputs the coordinates of a given
pixel (u, v), the camera’s intrinsic and extrinsic parameters,
and the UAV’s position and attitude at the time each frame
was captured, as illustrated in Figure 3. Using a geomet-
ric projection model, it computes the geo-localization of the
given pixel, which should correspond to the position of a de-
sired object.

Figure 3: Inputs and outputs of the position estimator.

The geo-localization approach extends the method de-
scribed in [7] to accommodate a lower-cost UAV platform
without gimbal stabilization. In this setup, the camera
is rigidly mounted and permanently oriented towards the
ground. Therefore, the camera orientation is directly derived
from the UAV’s attitude using a fixed offset:

pitchcam = pitch− 90◦

yawcam = yaw

rollcam = roll

(6)

Since the camera is rigidly fixed to the UAV body without
stabilization, any change in UAV attitude directly perturbs the
camera pose and may introduce additional geo-localization
error. This trade-off is accepted in exchange for a simpler,
lower-cost hardware configuration compatible with custom-
built platforms.

The method relies on three coordinate systems: the world
coordinate system, the UAV coordinate system, and the cam-
era coordinate system. The world coordinate system is de-
fined in a metric georeferenced frame, such as UTM (Uni-
versal Transverse Mercator) or a local ENU (East-North-Up)
frame, allowing positions to be expressed in linear units (me-
ters).

In this formulation, all coordinate systems share the same
origin, defined in the world reference frame. The UAV and
camera coordinate systems differ from the world system only
by their orientations:

• World coordinate system: (x, y, z) = (east, north, up)

• Drone coordinate system: (x, y, z) =
(forward, right, down)

• Camera coordinate system: (x, y, z) =
(right, down, forward)

The relationship between these coordinate systems is de-
fined by the camera pose. The rotation matrix R that maps
points from the world coordinate system to the camera coor-
dinate system is computed following the method described in
[7]. This matrix encodes the camera orientation as derived
from the UAV attitude and the fixed mounting configuration.

The camera center expressed in the world coordinate sys-
tem is given by v0 = −RT t. Therefore, the translation vector
t does not need to be computed independently, as the camera
position is directly obtained from the UAV position, estimated
by the state interpolator.

Given the camera pose, the projection from 3D world
points to image pixels is modeled using the pinhole camera
model [8]:

K[R | t]P = λp, (7)

where K is the intrinsic matrix, R (rotation matrix) and t
(translation vector) map points from the world coordinate
system to the camera coordinate system, p = (u, v, 1)T is
the homogeneous pixel coordinate, λ is a scale factor, and
P = (x, y, z, 1)T is a 3D point expressed in homogeneous
coordinates.

To perform geo-localization, the inverse mapping must be
computed. By rearranging the projection Equation (7), it is
possible to derive the 3D ray in the world coordinate system
corresponding to a given image pixel. This ray can be written
in parametric form as:

P (λ) = v0 + λv, (8)

where:
v = RTK−1p. (9)

Thus, each pixel defines a ray originating from the camera
center and extending into the scene.

The geo-location is obtained by computing the intersec-
tion between this ray and the ground. Assuming a planar
ground model, this intersection can be obtained analytically.
Let ∆h denote the height difference between the camera cen-
ter and the ground plane, and let vz be the vertical component
of the direction vector v. The intersection point is then given
by:

Pground = v0 −
∆h

vz
v. (10)

This formulation provides a direct and efficient way to
map image pixels to 3D positions in the world coordinate sys-
tem under the planar ground assumption.

4 SPATIAL REFINEMENT

The purpose of this stage is to maintain a consistent set of
object tracks over time from noisy geo-localization estimates.
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The tracker maintains and updates this set of object represen-
tations upon the arrival of new geo-localization estimates at
each frame. The overall process is illustrated in Fig. 4.

Figure 4: Overview of the spatial refinement pipeline. New
detections are associated with existing tracks using the Hun-
garian algorithm. Tracks are updated, penalized, or removed
depending on their consistency over time.

Each track represents a candidate object and is defined by:

• Estimated geographic position (latitude and longitude).

• State covariance (for uncertainty modeling).

• Track status (tentative or confirmed).

• A penalty counter used for track management.

Two sets of tracks are maintained:

• Tentative Tracks: recently initialized tracks that re-
quire validation.

• Confirmed Tracks: stable tracks corresponding to per-
sistent objects.

At each time step, a set of new geo-localization estimates
(detections) is obtained. These detections are associated with
existing tracks (both tentative and confirmed) using the Hun-
garian algorithm.

A cost matrix is constructed based on the Mahalanobis
distance between detections and track estimates:

dM (x, y) =
√
(xdeti − ytrackj )TS−1(xdeti − ytrackj ) (11)

where ytracki and S are, respectively, the mean and the
covariance matrix of track i, and xdetj is the position of detec-
tion j.

Assignments are accepted only if the distance is below a
predefined gating threshold. The association step produces
three sets:

• Matched track-detection pairs.

• Unmatched tracks.

• Unmatched detections.

4.1 Track Update with Kalman Filtering
For each matched track-detection pair, the track state is

updated using a Kalman filter. The detection is treated as a
measurement of the track position, allowing the filter to re-
duce noise and improve temporal consistency.

The update step refines both the estimated position and
its associated uncertainty. This enables smoother trajectories
and more robust associations in subsequent frames.

4.2 Handling Unmatched Detections
Detections that are not associated with any existing track

are used to initialize new tentative tracks. These tracks rep-
resent potential new objects but require further validation be-
fore being confirmed.

4.3 Handling Unmatched Tracks
Tracks that are not matched with any detection are pro-

cessed based on their visibility:

• If the track is expected to be visible in the current frame
but is not detected, it is penalized by increasing its
penalty counter.

• If the penalty exceeds a predefined threshold, the track
is removed, as it is considered unreliable.

Visibility is determined by the camera’s field of view and
the estimated track position. This step helps to remove out-
liers from the set.

4.4 Near Matching and Duplicate Removal
To further improve consistency, a near-matching heuristic

is applied to the set of confirmed tracks. Since repeated obser-
vations of the same physical object may occasionally gener-
ate multiple independent trajectories, tracks that are spatially
close to one another are assumed to correspond to the same
target and are therefore merged into a single representation.

This heuristic helps reduce duplicate detections and con-
tributes to maintaining a compact and spatially consistent rep-
resentation of the environment. However, its effectiveness
depends on the selected distance threshold, particularly in
scenarios where multiple targets are positioned very close to
each other.

4.5 Final Output
At any time step, the system maintains a set of confirmed

tracks, each associated with a distinct physical object and
identified by a unique ID. The geographic coordinates associ-
ated with these tracks are used as the system’s final output.

5 EXPERIMENTS

5.1 Experimental Setup
Experiments were conducted in a simulated environment

using Gazebo, with ArduPilot’s SITL providing UAV con-
trol and state estimation. The UAV was equipped with a
downward-facing monocular camera; frames were published
to a ROS 2 topic and streamed via RTSP using GStreamer.
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Figure 5 shows an upper view from the experimental envi-
ronment and a view from the UAV’s camera while flying.

(a) A view of the UAV and the camera frame.

(b) Superior view from the evaluation environment.

Figure 5: The experimental environment.

Multiple flights were performed over an area containing
30 instances of a black-and-white fiducial target, with tar-
gets placed in different positions across 3 scenarios and the
UAV executing varied trajectories. These scenarios are illus-
trated in Figure 6, in which each plot shows the targets’ geo-
locations and the vertices of the search area. In addition, 6
different paths were defined for the UAV to follow surround-
ing the targets’ area, totalizing 3 × 6 = 18 runs. Figure 7
shows the predefined paths we used in the experiments.

Figure 6: Scenarios of target distributions used in the experi-
ments. The red squares indicate the targets’ positions, while
the yellow rectangle indicates the boundaries of the targets’
area.

(a) Path 1 (b) Path 2

(c) Path 3 (d) Path 4

(e) Path 5 (f) Path 6

Figure 7: Pre-defined UAV paths used in the experiments.

In each run, we saved: the UAV’s trajectory; the geo-
coordinates (lat, long) of each detected object; and the final
list of confirmed tracks.

For quantitative evaluation, each confirmed track was
matched to its nearest ground-truth target. Regarding these
matches, we measured the RMSE between the ground-truth
targets and our estimated positions and the detections’ recall,
i.e., the fraction of real targets successfully identified by the
system.

5.2 Results

Table 1 presents the quantitative results in terms of lo-
calization RMSE (in meters) and the number of correctly
identified targets for each flight path and scenario. The re-
sults demonstrate the system’s capability to perform geo-
localization of ground objects using only a monocular camera
and the UAV’s standard state estimates.

Overall, the system achieved sub-meter localization ac-
curacy in most experiments, with RMSE values ranging from
0.45 m to 0.84 m, demonstrating that the proposed spatial
pipeline is capable of consolidating multiple noisy observa-
tions. Note that, both the robot’s path and the targets’ distri-
bution have impacts in the accuracy.
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Figure 8: Results from path 2 being executed in scenario 1.

Figure 9: Results from path 3 being executed in scenario 2.

As shown in the Figures 8, 9 and 10, the raw geo-location
estimates form highly dispersed point clouds around the true
target positions. This dispersion is mainly caused by pro-
jection inaccuracies, GPS noise, perspective distortions, false
positives from the object detector, and small UAV attitude os-
cillations. Nevertheless, the proposed tracking and filtering
stages progressively reduce this spatial dispersion through re-
peated Kalman filter updates and trajectory association, re-
sulting in a more reliable representation of the environment.

Table 1: Final geo-localization results (RMSE / Number of
Targets per run).

Scenario (RMSE [m] / Targets)

Path 1 2 3

1 0.49 / 30 0.52 / 29 0.72 / 30
2 0.59 / 30 0.45 / 29 0.60 / 30
3 0.66 / 30 0.70 / 29 0.78 / 29
4 0.50 / 30 0.47 / 28 0.48 / 29
5 0.84 / 30 0.49 / 28 0.60 / 30
6 0.65 / 29 0.64 / 29 0.67 / 30

The results also show a high target recovery rate, with
most runs successfully identifying all 30 targets, as illustrated

in Figure 8, which shows the resulting detections and con-
firmed tracks when Path 2 was executed in Scenario 1. In this
experiment, all targets were identified and have their corre-
sponding tracks, with no duplicates. This behavior also hap-
pens in Scenario 3, which has one of its runs shown in Figure
10, on which all targets were correctly identified.

Experiments in Scenario 2 consistently presented a lower
number of confirmed targets, with several runs detecting only
28 or 29 targets. This behavior is directly related to the spa-
tial arrangement of the targets in this scenario, where multi-
ple targets were positioned extremely close to one another, as
shown in Figure 9. Under these conditions, small localization
errors become significant enough to cause ambiguity during
the association stage. As a consequence, detections originat-
ing from neighboring targets may be incorrectly associated
with the same trajectory, leading the system to merge two
distinct objects into a single confirmed track.

Despite the success in filtering and spatial association,
the methodology presents vulnerabilities that affect accuracy.
Since the camera is rigidly attached to the drone body with-
out a stabilization system, any perturbation in the UAV atti-
tude directly affects the camera pose, introducing additional
errors into the geolocation process. Furthermore, the geomet-
ric projection model relies on a flat-ground assumption and is
sensitive to inaccuracies in the onboard GPS system.
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Figure 10: Results from path 5 being executed in scenario 3.

Finally, the system is affected by information latency. Al-
though the pipeline includes a linear interpolation method
to mitigate the fact that the flight controller’s position and
attitude data are published asynchronously, the inherent la-
tency between image acquisition by the camera and the pro-
cessing of state messages may still generate small temporal
misalignments, degrading the estimation performance during
high-speed flights or abrupt maneuvers.

6 CONCLUSION

This paper presented an online pipeline for geo-localizing
multiple terrestrial objects from UAV monocular imagery.
The proposed approach combines three tightly integrated
components: a timestamp interpolation scheme that synchro-
nizes camera frames with asynchronous UAV state estimates,
a geometric projection model that maps image detections
to ground-plane coordinates using UAV attitude and posi-
tion, and a spatial refinement stage that employs the Hun-
garian algorithm and Kalman filtering to associate, filter, and
consolidate repeated noisy observations into consistent geo-
locations. Together, these components enable accurate esti-
mation of ground object positions, eliminating false positives
and consolidating repeated observations into consistent geo-
locations through a spatial refinement pipeline.

Experiments conducted in simulation using Gazebo and
ArduPilot SITL across 3 target distribution scenarios and 6
distinct flight paths demonstrated the robustness and accuracy
of the approach. The system achieved a mean localization
RMSE of 0.603 m while successfully identifying 97.9% of
the 30 targets per scenario. These results validate the effec-
tiveness of the spatial refinement pipeline in reducing local-
ization noise and suppressing false positives, even under the
constraints of a rigidly mounted camera and a planar ground
assumption.

Future work include replacing linear interpolation with
higher-order or learning-based state estimation to reduce tem-
poral misalignments during aggressive maneuvers. Addi-
tionally, conducting experiments in real outdoor environ-
ments will be essential for further validation of the proposed

methodology, as well as extending the evaluation to a broader
variety of target objects beyond the fiducial markers used in
this work.
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APPENDIX A: DATA

Table 2: Comparative analysis of targets detections vs. confirmed tracks across all paths and scenarios.

Scenario 1 Scenario 2 Scenario 3

Path Detections Conf. Tracks Detections Conf. Tracks Detections Conf. Tracks

1

2

3

4

5

6
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Actuator nonlinear fault-tolerant control of a fast-spinning
quadrotor with loss of two opposing rotors

T.M.L. De Ponti*, E.J.J. Smeur and B.W.D. Remes
Delft University of Technology, 2629 HS Delft, The Netherlands

ABSTRACT

The problem of maintaining control of a quad-
copter following the failure of motors is well
established within the Fault Tolerant Control
(FTC) community. While Incremental Nonlin-
ear Dynamic Inversion (INDI) has been success-
fully applied to achieve relaxed hover in multi-
rotors under opposing motor failures, its frame-
work typically assumes infinitely fast actuators
and neglects state-dependent effects. However,
for a quadcopter in a failure scenario where two
opposing motors are lost, the vehicle must spin
rapidly to stabilize. At high spin rates, the gy-
roscopic stabilization effect becomes significant,
and the assumption of negligible state effects
becomes unreasonable. To address this limi-
tation, this paper investigates the use of Actu-
ator Nonlinear Dynamic Inversion (ANDI), a
refined control strategy that explicitly incorpo-
rates actuator dynamics and state-induced effects
into the control allocation. Through theoreti-
cal analysis, simulation, and real-world flight
tests at the TU Delft indoor test facility, the pro-
posed ANDI controller is directly compared to
a baseline INDI controller. The results demon-
strate that by compensating for state-induced gy-
roscopic effects, the ANDI framework is capable
of guiding and stabilizing the quadcopter at sig-
nificantly higher spin rates than INDI. Further-
more, the ANDI controller exhibits better con-
trol allocation, evidenced by a lower control ef-
fort variance during stationary flight compared
to INDI. To the best of the authors’ knowledge,
this work presents the first successful real-world
flight demonstration of an ANDI controller ap-
plied to a quadcopter under the failure of two op-
posing motors.

1 INTRODUCTION

The problem of maintaining control of a quadcopter fol-
lowing the failure of one or more motors is a well-established
challenge within the Fault Tolerant Control (FTC) commu-
nity. [1] first introduced the periodic solution to the so-
called reduced-attitude (or relaxed-hover) problem for cases

*Email address: tmldeponti@tudelft.nl

involving one, two, or three failed motors. Subsequently, [2]
demonstrated that this solution could be realized in practice
using an Linear Quadratic Regulator (LQR). An alternative
and highly effective control strategy for the relaxed-hover
problem is Incremental Nonlinear Dynamic Inversion (INDI),
as proposed by [3] and [4].

INDI has been successfully applied across a broad
range of platforms, including multirotors [5], fixed-wing air-
craft [6], Vertical Take-Off and Landing (VTOL) vehicles [7],
and helicopters [8]. Its primary advantages over traditional
controllers include rapid disturbance rejection [5, 6, 9], a re-
duced need for gain scheduling, and a minimized reliance on
accurate model information due to its sensor-based formula-
tion [10]. In [3], these disturbance-rejection capabilities were
exploited to achieve relaxed hover in the presence of varying
airspeed with a single failed motor. [4] further extended this
high-speed INDI FTC framework to accommodate the failure
of two motors. More recently, in [11], INDI was applied to
control a large quad-plane experiencing a failure of two op-
posing motors.

In the standard INDI framework, actuator dynamics are
not explicitly modeled, and state-dependent effects are typi-
cally neglected. This simplification is often justified by as-
suming that state effects evolve slowly compared to the fast
response of the actuators, as discussed in [12]. However,
this assumption breaks down when state-induced effects are
highly dynamic or when the system utilizes actuators with
varying response times.

To address this limitation, the work of [13] reformulated
the INDI control law, modifying the control effectiveness ma-
trix used in the allocation process to explicitly account for
actuator dynamics [14]. Building on this, the methods pre-
sented in [13], [15], and [16] derived the control law by tak-
ing an additional time derivative of the system output, seam-
lessly incorporating actuator dynamics directly into the effec-
tiveness matrix. This refined control strategy, referred to as
Actuator Nonlinear Dynamic Inversion (ANDI) in [16], en-
hances the compensation of actuator lag and improves over-
all system stability. The framework established in [16] was
later extended to more generalized actuator dynamics in [17].
Furthermore, [18] and [19] exploited ANDI to control sys-
tems featuring heterogeneous actuator dynamics, demonstrat-
ing clear improvements over standard INDI. In contrast, [20]
focused on analyzing the benefits of using ANDI to compen-
sate for state effects arising from aerodynamic interactions of
a winged platform, concluding that the performance improve-
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ment over INDI was marginal because the aerodynamic state
effects were small and evolved slowly.

Despite these advancements, little research has addressed
the application of ANDI in scenarios where state-dependent
effects are highly significant and evolve as rapidly as the actu-
ator responses themselves. The reduced-attitude control of a
quadcopter presents an ideal test case for this problem, as the
gyroscopic stabilization effects inherent to a rapidly spinning
body cannot be deemed negligible, especially for platforms
with specific inertia distributions operating at high spin rates.
Crucially, the faster the required spin rate, the closer the fre-
quency of the state-induced effects approaches the bandwidth
of the actuator dynamics. Such scenarios are particularly rel-
evant for heavy-lift quadcopters. These platforms typically
feature relatively compact, aerodynamic bodies paired with
large motors and propellers. In the event of two opposing mo-
tors failing, the substantial aerodynamic drag of the propellers
requires the drone to spin rapidly to maintain lift. Concur-
rently, larger motors inherently possess slower dynamic re-
sponses, rendering the standard INDI assumption of infinitely
fast actuators and negligible state effects unreasonable.

To address this gap in the literature, the main contribu-
tions of this paper are twofold: (1) to the best of the authors’
knowledge, this work presents the first successful real-world
flight demonstration of an ANDI controller applied to a quad-
copter experiencing a complete failure of two opposing mo-
tors; (2) a comprehensive comparative analysis between the
proposed ANDI framework and a baseline INDI controller,
demonstrating the operational limits and control allocation
benefits of explicitly accounting for gyroscopic state effects.

2 SYSTEM MODEL

Figure 1: The quadcopter used in the experiments with body
axis definition.

The drone utilized in the experiments, along with the
body axis definition, is shown in Figure 1. The drone is
equipped with four identical motors, denoted as mF , mR,
mB , and mL for the front, right, back, and left motors, re-

spectively. It is assumed that the motors exhibit first-order
dynamics with corner freqeuncy ε. Furthermore, the thrust
generated by each motor is modeled as being proportional to
the square of its rotational speed, such that:

Ti = kTω
2
i , (1)

where Ti is the thrust generated by the i-th motor, kT is
the thrust coefficient, and ωi is the rotational speed. Con-
sequently, the control force F c exerted in the body frame is
given by:



Fcx
Fcy
Fcz


 =




0 0 0 0
0 0 0 0
−kT −kT −kT −kT







ω2
F

ω2
R

ω2
B

ω2
L


 . (2)

All motors are located at the same distance l from the center
of gravity. Thus, the resulting control moment M c exerted in
the body frame is modeled as:



Mcx

Mcy

Mcz


 =




0 −lkT 0 lkT
lkT 0 −lkT 0
−τ τ −τ τ







ω2
F

ω2
R

ω2
B

ω2
L


 . (3)

Here, the reaction torque produced by the motors is also
modeled as being proportional to the square of the rotational
speed, with a proportionality coefficient τ . The inertia tensor
of the platform is assumed diagonal with principal moments
of inertia Ixx, Iyy , and Izz . Finally Table 1 reports the pa-
rameters of the model of the platform.

Parameter Vaule Unit
m 9.38e-1 kg
Ixx 2.70e-3 kgm2

Iyy 3.60e-3 kgm2

Izz 4.50e-3 kgm2

kT 7.564e-7 Ns2 rad−2

τ 7.657e-9 Nms2 rad−2

ε 29.0 rad s−1

l 1.30e-1 m

Table 1: Parameters of the quadcopter.

3 CONTROL LAWS

Both the ANDI and INDI control laws, as for example
shown in [11] and [18],can be derived for a general nonlin-
ear system by assuming first-order actuator dynamics and in-
finitely fast actuators, respectively. Consider a system with
output y ∈ Rm, state vector x ∈ Rk, and actuator state vec-
tor u ∈ Rn, governed by:

ẋ = f(x,u), y = h(x). (4)
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The system has a relative degree r with respect to u (i.e., the
output y must be differentiated r times before the input u
appears explicitly [16]), such that:

y(r) = F (x,u). (5)

Taking an additional time derivative yields:

y(r+1) =
∂F

∂x
ẋ+

∂F

∂u
u̇ = F x ẋ+ F u u̇. (6)

For notational simplicity, we assume r = 1. Next, consider
stable actuator dynamics of degree d, described by the trans-
fer function:

A =
U

Uc
=

∏d
i=1(−εi)∏d
i=1(s− εi)

, (7)

where εi denotes the i-th pole with ℜ{εi} < 0, and capi-
tal letters indicate variables expressed in the Laplace domain.
Here, Uc denotes the commanded actuator input and U the
realized actuator state after actuator dynamics. For the mul-
tiple input multiple output (MIMO) case, A ∈ R (s)

n×n is a
diagonal matrix of transfer functions. The incremental com-
manded control input can then be defined in terms of the ac-
tuator dynamics as:

∆U = Uc −U =
(
I −A

)
Uc. (8)

From Eq. (8), it follows that:

L{u̇} = sU = sAUc = sA [I −A]
−1

∆U = W ∆U .
(9)

Let the pseudo-control vector ν ∈ Rm (denoted as N in
the Laplace domain) represent the desired system output yd.
Additionally, we define the transfer function matrix V ∈
R (s)

m×m, which maps the tracking error e = ν − y to ẏ:

L{ẏ} = sY = V
(
N − Y

)
. (10)

To maximize performance without overdriving the actuators,
a natural design choice is to match the desired closed-loop
output dynamics along each axis directly to the bandwidth
of the slowest influencing actuator. Substituting Y = AN
into Eq. (10) for each individual control axis and rearranging
gives:

sAN = V
(
1−A

)
N ⇐⇒ V = sA(1−A)−1 =W. (11)

Assuming F x and F u are approximately constant over one
control step, we can substitute Eqs. (9) to (11) into Eq. (6)
and rearrange to obtain the general closed-loop expression:

V
(
N − Y

)
= F uW∆U + F xsX,

∆U =
(
F uW

)+(
V
(
N − Y

)
− F xsX

)
.

(12)

3.1 INDI
The INDI approach assumes infinitely fast actuators.

Equation (7) implies that as the actuator dynamics become
infinitely fast (i.e., ℜ{εi} → −∞), A → 1, which conse-
quently means W → ∞ and V → ∞. Under this assump-
tion, Eq. (12) reduces to the INDI control law:

∆U =
(
F u

)+(
N − Y

)
,

∆u =
(
F u

)+(
ν − y

)
.

(13)

In this control law, F u is commonly referred to as the control
effectiveness matrix.

3.2 ANDI
In contrast, ANDI explicitly accounts for first-order actu-

ator dynamics:
A =

ε

s+ ε
. (14)

It follows that W is a diagonal matrix containing the corner
frequency of each actuator:

W =



εu1

. . .
εun


 , (15)

while V is a diagonal matrix containing the corner frequency
of the slowest actuator associated with each controlled axis:

V =



εν1

. . .
ενm


 . (16)

For a fully actuated system with identical actuators, it is clear
that W = V , which simplifies the control law to:

∆U =
(
F u

)+
(N − Y )−

(
F uW

)+
(F xsX) ,

∆u =
(
F u

)+
(ν − y)−

(
F uW

)+
(F xẋ) .

(17)

Equation (17) highlights a fundamental operational difference
between ANDI and INDI: ANDI explicitly compensates for
the state-driven term F xsX in its control allocation.

4 STATE EFFECT

To illustrate the effect of neglecting the state-driven term,
consider the problem of controlling the roll angular accelera-
tion of a spinning gyroscope with the same physical param-
eters of the test platform as reported in Section 2. A con-
stant yaw moment Mz is applied to the gyroscope, resulting
in a continuously increasing yaw rate. The controller aims to
track a desired roll angular acceleration ṗd by manipulating
the moment exerted about the body x-axis,Mx. This moment
is generated by a first-order actuator with corner frequency ε
and is proportional to its state u, such that

Mx = kxu. (18)
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Aerodynamic effects and other disturbances are neglected, so
that My = 0. From Euler’s equations for the rotational mo-
tion of a rigid body, expressed in the body frame, it follows
that



ṗ
q̇
ṙ


 =



kxu
Ixx
− Izz−Iyy

Ixx
qr

− Ixx−Izz
Iyy

pr

Mz − Iyy−Ixx

Izz
pq


 =



kxu
Ixx

+ Cxqr

Cypr
Mz + Czpq


 . (19)

Taking one extra derivative in time leads to:


p̈
q̈
r̈


 =



kx
Ixx

0
0




︸ ︷︷ ︸
Fu

u̇+




0 Cxr Cxq
Cyr 0 Cyp
Czq Czp 0




︸ ︷︷ ︸
Fx



ṗ
q̇
ṙ


 . (20)

+/-
+

(2)

+/-

(1)

+

Figure 2: Structure for the gyro controller. Red signals and
blocks are only present in ANDI.

The control structure of an ANDI controller (red signals
included) is shown in Figure 2. It uses the control law of
Eq. (17), designed to track a desired roll angular acceleration
using the roll effectiveness F p

u , i.e., the entry of Fu corre-
sponding to the roll axis. In particular, by rearranging the di-
agram, it can be shown that the state compensation signal (1)
cancels the state effect on the controlled signal (2). In other
words, because the state compensation is embedded directly
in the control law, ANDI tracks ṗd with the same dynamics
regardless of the gyroscope spin rate. More precisely, as dis-
cussed in Section 3, these dynamics are equal to the actuator
dynamics.

Figure 2 also shows the control structure of an INDI con-
troller (red signals excluded), which uses the control law of
Eq. (13), designed to perform the same task. It is clear that,
unless Fx or Ω is zero, the closed-loop dynamics differ from
the actuator dynamics. The controller allocates the actuator
input while completely neglecting the effect of the state on the
controlled signal. As the yaw rate r increases, the gyroscopic
coupling becomes progressively stronger, and neglecting this
effect is therefore expected to degrade performance.

This conclusion is confirmed by the simulation shown in
Figure 3, in which the gyroscope spins increasingly faster
about the yaw axis. ANDI is able to track the desired si-
nusoidal ṗ accurately, with dynamics matching those of the
actuator ṗdyn, whereas INDI exhibits increasing attenuation
and lead as r grows. The INDI behavior can also be con-
firmed analytically by linearizing the nonlinear plant around

Time [s]
0 10 20 30 40 50 60 70 80 90 100

r
[r
a
d
/
s]

0

10

20

30
INDI ANDI

Time [s]
0 10 20 30 40 50 60 70 80 90 100

-5
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_p
[r
a
d
/
s2

]

#10-3

_pdyn INDI ANDI

Figure 3: Simulation of a spinning gyroscope.

a trim condition z = [p0, q0, r0]
T , where r0 is constant and

non-zero and the remaining angular rates are zero. This al-
lows the linearized dynamics to be expressed in state-space
form as:



ṗ
q̇
ṙ


 =




0 Cxr0 0
Cyr0 0 0
0 0 0




︸ ︷︷ ︸
A



p
q
r


+



kx
Ixx

0
0




︸ ︷︷ ︸
B

u. (21)

The resulting transfer function for the tracking dynamics of
the INDI controller is given by:

ṗ

ṗd
(s)I =

ε s

s2 + ε s− Cx Cy r02
. (22)

Equation (22) shows how the INDI controller behaves as a
second-order system with a zero at the origin and a pair of
complex conjugate poles. As r0 increases, the poles move
further to the right in the complex plane, resulting in in-
creased attenuation and phase lead at frequencies below the
actuator bandwidth. Such system reduces to the actuator dy-
namics only when r0 = 0, which is the condition under which
the state effect is negligible and the INDI assumption holds.

A Bode plot for the transfer function in Eq. (22) is shown
in Figure 4. It confirms that as r0 becomes larger, the con-
troller increasingly attenuates the signal and introduces phase
lead at frequencies below the actuator’s bandwidth.

Consequently, for a rapidly spinning body, such as a gyro-
scope or a quadcopter experiencing a failure of two opposing
motors, the INDI approach is expected to suffer from pro-
gressively degraded performance as the spin rate increases.
In contrast, ANDI will properly compensate for these state-
dependent effects and maintain the expected actuator dynam-
ics.

5 REDUCED ATTITUDE

When a quadcopter loses two opposing motors, it be-
comes underactuated and can no longer independently con-
trol all its attitude degrees of freedom. Typically, yaw control
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Figure 4: Bode plot of the INDI dynamics at different yaw
rates.

is sacrificed, causing the vehicle to spin continuously about
its vertical axis. This necessitates a control framework that
can still achieve stabilization independently of the yaw angle,
a method commonly known as the reduced attitude control
problem.

The key idea is to regulate the principal axis of rotation,
expressed in the body frame as µB ∈ R3, such that it tracks a
desired inertial direction nI ∈ R3. To apply ANDI or INDI to
this problem, we differentiate the relevant kinematics until the
actuator states appear explicitly, and then differentiate once
again with respect to time, as shown in Eq. (6).

Let nI and nB denote the same geometric vector ex-
pressed in the inertial and rotating body frames respectively
such that:

nB = LBI n
I , (23)

where LBI is the rotation matrix from the inertial frame to
the body frame. The time derivative of nB observed in the
inertial frame is given by: The time derivatives of a generic
vector Q observed in these frames are related by the transport
theorem:

(
dQ

dt

∣∣∣∣
I

)B
=

(
dQ

dt

∣∣∣∣
B

)B
+ ωB ×QB , (24)

where the superscript indicates the frame in which the quan-
tity is expressed, and the subscript indicates the frame with
respect to which the derivative is taken. Higher-order deriva-
tives are obtained through repeated application of Eq. (24).
Compactly, the m-th derivative is:

(
dmQ

dtm

∣∣∣∣
I

)B
=

[
d(∗)
dt

+ ωB × (∗)
](m)

QB , (25)

where [ · ](m) denotes m successive applications of the oper-
ator in brackets.

Using this result, one can derive expressions for the time
derivatives of nB as observed in the body frame. For the first
derivative:

( ṅ|B)
B
= −ωB × nB + ( ṅ|I)

B
, (26)

and for the second derivative:

( n̈|B)
B
= − ( ω̇|B)

B × nB + ωB ×
(
ωB × nB

)

− 2ωB × ( ṅ|I)
B
+ ( n̈|I)

B
.

(27)

The term − ( ω̇|B)
B × nB can be written more conve-

niently in matrix form by introducing the skew-symmetric
cross-product matrix associated with nB . Defining

HB = [nB ]× =




0 −nBz nBy
nBz 0 −nBx
−nBy nBx 0


 , (28)

and using the property a× b = [a]×b, we obtain:

− ( ω̇|B)
B × nB = nB × ( ω̇|B)

B
= HB ω̇B . (29)

From Euler’s equations for the rotational motion of a rigid
body about a fixed point, expressed in the body frame, we
have:

I ω̇B = M(u,x)− ωB ×
(
IωB

)
, (30)

which yields:

ω̇B = I−1M(u,x)− I−1
(
ωB ×

(
IωB

))
, (31)

where I is the inertia tensor and M is the applied moment.
Finally, the full kinematics of the reduced attitude can be ex-
pressed by substituting Eq. (31) into Eq. (27).

Both the INDI and ANDI control laws (Eq. (13) and
Eq. (17), respectively) require an expression for the control
effectiveness matrix F unB

to regulate ( n̈|B)
B . Specifically,

differentiating the term HBω̇
B with respect to the control

input yields:

F unB
=
∂ ( n̈|B)

B

∂u
= HB

∂ω̇B

∂u
= HB I−1 ∂M(u,x)

∂u
.

(32)
To apply ANDI, the state compensation term is also re-

quired. This is retrieved via:

F xnB
=
∂ ( n̈|B)

B

∂xnB

(33)

where

xnB =
[
ωB,LBI ,n

I , ( ṅ|I)I , ( n̈|I)I
]T
. (34)

It then follows that:

F xnB
ẋnB = ωB ×

(
ω̇B × nB

)
+ 2ω̇B ×

(
ωB × nB

)

− ωB ×
(
ωB ×

(
ωB × nB

))
− 3ω̇B × ( ṅ|I)

B

+ 3ωB ×
(
ωB × ( ṅ|I)

B
)
− 3ωB × ( n̈|I)

B
+ (

...
n |I)

B

− I−1
[
ω̇B ×

(
IωB

)
− ωB ×

(
Iω̇B

)]
.

(35)
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Finally, it is important to note that an INDI or ANDI re-
duced attitude controller is not strictly limited to fault-case
scenarios; it can also be used under nominal conditions. A
standard nominal controller allocates for the body z-axis ac-
celeration az alongside the angular accelerations ṗ, q̇, and ṙ.
By simply replacing the targets for ṗ and q̇ with the x and y
components of ( n̈|B)

B , the modified controller not only re-
tains full nominal flight capabilities but also inherently sup-
ports the stabilization of spinning bodies. However, employ-
ing this relaxed attitude structure requires a different Error
Controller (EC) than that of a nominal controller, which will
be discussed in the next section.

6 CONTROLLER DESIGN

The controller, whether based on INDI or ANDI, adopts
a cascaded structure consisting of an inner stabilization loop
and an outer guidance loop. The objective of the stabiliza-
tion controller is to realize a desired linear acceleration vec-
tor. To achieve this, its first task is to align the principal
axis of rotation µB with the desired inertial unit vector nI ,
which represents the direction of the desired specific force ex-
pressed in the inertial frame. This principal axis arises from
the relaxed-hover equilibrium solution and, in the case of two
opposing motor failures, is aligned with the body z-axis, i.e.,
µB = [0, 0,−1]T [1]. The controller must then ensure that
the magnitude of the generated acceleration is also correct by
modulating the total thrust. Finally, when the vehicle is not
operating under fault conditions, a desired yaw acceleration
can also be tracked. Hence, the subset of controlled variables,
for which desired inputs are provided in the pseudo-control
vector for both control laws, is:

x =
[
az, ( n̈|B)

B
x
, ( n̈|B)

B
y
, ṙ
]T
. (36)

The innermost control loop in which the two control laws
are applied to regulate x is shown in Figure 5. The signals
shown in red are present only in the ANDI implementation.
The control increment ∆u is computed through a Weighted
Least Squares (WLS) allocator [21, 22]. This routine is com-
monly used to handle actuator saturation while also establish-
ing a hierarchy among control objectives through the pseudo-
control weighting matrix Wv . By setting specific diagonal
entries of Wv to zero, the corresponding control axes are ef-
fectively relaxed in the WLS cost function. This makes it
possible to discard axes that cannot be controlled under fault
conditions. For example, yaw is always sacrificed, while ei-
ther ( n̈|B)

B
x

or ( n̈|B)
B
y

is relaxed depending on whether the
failed motors correspond to the roll or pitch axis.

As for the computation of ν, a linear error controller

WLS with:

+/-

Plant

- +

Figure 5: Allocation diagram. Red signals and variables are
additional in ANDI compared to INDI.

based on Eq. (23) and Eq. (26) is used, such that:

ν =




azd
( n̈|B)

B
xd

( n̈|B)
B
yd

ṙd


 =




azd
ks1k

s
2

(
µBx − nBx

)
− ks2 ( ṅ|B)

B
x

ks1k
s
2

(
µBy − nBy

)
− ks2 ( ṅ|B)

B
y

ks1k
s
2 (ψd − ψ)− ks2r


 .

(37)
The desired acceleration magnitude azd , together with its di-
rection, is computed by the outer-loop guidance controller
shown in Fig. 6.

+/- +/- +/-
Stab.
+

Plant
PID

Figure 6: Guidance controller.

The proposed method employs a Reference Model (RM)
that maps the desired nI into smooth, time-synchronized ref-
erence trajectories for the desired principal axis and its deriva-
tives. This avoids relative delays between the signals, which
is critical for state estimation within the stabilization con-
troller. Moreover, the guidance structure consists of a ve-
locity PID loop nested inside an outer proportional position
loop. Finally, Table 2 reports the gains used in the presented
control loops.

ks1 ks2 kg1 kgP kgI kgD
4.2 10.0 0.6 1.8 0.4 0.2

Table 2: Parameters used in the controllers.

7 FLIGHT TESTS

To evaluate the ANDI and INDI controllers, and to an-
alyze their differences in order to draw meaningful conclu-
sions, flight tests were conducted at the indoor test facility
of TU Delft, shown in Fig. 7. Attitude and position are es-
timated using an external motion-capture system running at
approximately 80Hz. All data files and processing scripts are
accessible at [23].
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Figure 7: Test platform flying in the Cyberzoo, the indoor test
facility of TU Delft.

The failure scenario considered in this work is a complete
loss of active control authority of the front and back motors.
The left and right motors are then responsible for stabiliz-
ing and guiding the platform under fault conditions, while the
drone spins about its body z-axis. In contrast, the front and
back motors are only passively modulated to produce a faster
or slower spin and are not used for stabilization; indeed, they
are always commanded identically.

The first test is designed to identify the yaw rate at which
each controller loses the ability to stabilize the drone. To this
end, the drone is commanded to hold a fixed position in space
while the front and back motors are slowly commanded a con-
tinuously decreasing setpoint. Figure 8 and Figure 9 show the
motor commands and the resulting yaw rate for the INDI and
ANDI controllers, respectively.
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Figure 8: Motor commands and yaw rate in the loss of control
test of the INDI controller. The red area indicates that loss of
control has occurred.
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Figure 9: Motor commands and yaw rate in the loss of control
test of the ANDI controller. The red area indicates that loss
of control has occurred.

For both controllers, the steadily decreasing command
to the pitch motors produces a progressively increasing
yaw rate. Notably, the INDI controller loses stability at
33.82 rad s−1, while the ANDI controller remains stable up
to a considerably higher rate of 43.33 rad s−1. As the drone
spins faster, the gyroscopic coupling induced by the state
grows larger, and failing to account for it in the INDI con-
trol law leads to a progressive degradation in allocation ac-
curacy. The ANDI controller, by explicitly compensating
for this term, is able to maintain stable flight at higher spin
rates. Nevertheless, ANDI eventually also experiences a loss
of control, which is to be expected. As discussed in Section 4,
ANDI does not alter the actuator dynamics; rather, it ensures
that the innermost allocation loop follows those dynamics.
It is worth noting that the spin rate of 43.33 rad s−1 already
exceeds the 29 rad s−1 corner frequency of the actuator dy-
namics, at which point the actuator transfer function exhibits
an attenuation of−4.9 dB and a phase delay of 55.4 ◦. As the
spin rate increases further beyond this threshold, the atten-
uation and phase delay grow, and the ANDI controller will
inevitably also fail.

Another conclusion drawn from the test is that both con-
trollers are expected to successfully stabilize the drone at
lower spin rates. It is therefore interesting to analyze whether
there are noticeable differences between the two controllers in
such conditions. To investigate this, the performance of both
controllers is compared in a task involving flying a square
trajectory at a yaw rate of approximately 20 rad s−1, which is
achieved by commanding a constant setpoint to the pitch mo-
tors. Figure 10 shows the position tracking and the resulting
yaw rate for both the INDI and ANDI controllers.

As expected, Fig. 10 demonstrates that both controllers
are capable of accurately tracking the square trajectory at a
spin rate of roughly 20 rad s−1. Furthermore, Fig. 11 and
Fig. 12 reveal that this performance is enabled by the accu-
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Figure 10: Position tracking comparison of a square trajec-
tory with the INDI and ANDI controllers.
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Figure 11: Principal axis of rotation tracking with the INDI
controller.

rate tracking of the desired inertial direction nI using the
projection of the principal axis of rotation onto the inertial
frame, µI . However, while both controllers appear to per-
form very similarly in this task, there are subtle differences
between them, which are elucidated in Fig. 13.

The commanded signals to the left and right motors dur-
ing the square tracking test for both the INDI and ANDI con-
trollers are presented in Figure 13. It also illustrates the vari-
ance of the control effort for the actuated axis, which is cal-
culated as:

ûc = ucmL
− ucmR

, β =
∥∥ûc − ûc

∥∥ , (38)

where ûc denotes the moving average of ûc. Thus, β serves
as a measure of how much the control effort oscillates around
its mean.

The results in Figure 13 show that during the intervals
when the drone is actively moving and accelerating, the re-
quired control effort is generally higher for ANDI than for
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Figure 12: Principal axis of rotation tracking with the ANDI
controller.
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Figure 13: Comparison of control effort during the square
tracking task between the INDI and ANDI controllers.
Shaded areas indicate time intervals in which the drone is ac-
tively moving.

INDI. This behavior is expected, as the gyroscopic effect nat-
urally opposes changes to the principal axis of rotation. Be-
cause ANDI explicitly compensates for this effect in advance,
it computes a higher commanded effort to force the required
motion.

Interestingly, however, during the intervals when the
drone is stationary at the vertices of the square, where the
controller is simply regulating its position and rejecting dis-
turbances, the control effort is instead higher for INDI. As es-
tablished in Section 4, at a yaw rate of 20 rad s−1, the control
bandwidth of the angular acceleration in INDI is already de-
graded. This higher control effort indicates poorer control al-
location; even when the drone is nominally hovering in place,
INDI must continuously compensate for its own allocation
inaccuracies, resulting in greater overall actuator activity.

Finally, ANDI was tested on a square trajectory above
INDI’s maximum stable spin rate of 33.82 rad s−1. Fig-
ures 14 and 15 confirm that ANDI successfully maintains ac-
curate tracking at the yaw rate of roughly 34.5rad s−1.

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 115



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-13 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

Figure 14: 3D flight path of the square trajectory using
the ANDI controller at an average spin rate of 34.5 rad s−1

recorded at the Cyberzoo.
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Figure 15: Command signals and yaw rate during the ANDI
square tracking test at high spin rate.

8 CONCLUSION

This paper has demonstrated that the proposed ANDI
controller can successfully guide and stabilize a quadcopter
experiencing a complete loss of control authority in two op-
posing motors. The proposed framework was theoretically
analyzed, verified in simulation, and validated through real-
world flight tests, drawing a direct performance comparison
with a comparable INDI architecture previously documented
in the literature.

The results demonstrate that by explicitly incorporating
knowledge of actuator dynamics and the kinematics of a
spinning body into the control allocation, the ANDI con-
troller successfully compensates for state-induced gyroscopic
effects. Consequently, the ANDI framework is capable of
maintaining stable flight and accurate trajectory tracking
at significantly higher spin rates than INDI, which suffers
from progressive allocation degradation under identical con-
ditions. For platforms characterized by high required spin

rates and relatively slow actuators, this extended operational
range marks the difference between successfully executing a
relaxed-hover solution and experiencing a total loss of con-
trol. An additional advantage of the ANDI controller is ob-
served in its efficiency during stationary flight; the ANDI
framework exhibits a lower overall control effort variance
compared to INDI, indicating superior control allocation ac-
curacy and a reduction in unnecessary actuator compensation.

Future work should focus on a rigorous robustness anal-
ysis to determine the extent to which the ANDI controller
retains its performance advantages under severe model inac-
curacies, parametric uncertainties, and unmodeled delays.
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AERO-LQG: Aerial-Enabled Robust Optimization for
LQG-Based Quadrotor Flight Controller

Daniel Engelsman and Itzik Klein*
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ABSTRACT

Quadrotors are vital across civilian, industrial,
and military domains, where balancing the high
power demands of agility with energy efficiency
remains a critical constraint. Meeting this trade-
off requires mode-specific optimization frame-
works. While optimal control policies offer
robust performance, selecting their underlying
weight matrices lacks analytical guidance and
typically relies on exhaustive search. This inter-
dependence can be framed as a bi-level optimiza-
tion problem, where the outer loop determines
weights a priori. This work introduces Aerial-
Enabled Robust Optimization for LQG tuning
(AERO-LQG), a framework employing evolu-
tionary strategies to fine-tune Linear-Quadratic-
Gaussian weighting parameters. Applied to the
linearized hovering mode of quadrotor flight,
AERO-LQG achieves performance gains of sev-
eral tens of percent, underscoring its potential for
high-performance, energy-efficient control. The
project is available @ GitHub.

1 INTRODUCTION

Unmanned aerial vehicles (UAVs), particularly quadrotors,
have rapidly evolved from research prototypes into practi-
cal tools across a broad range of applications. Their versa-
tility and agility enable complex missions—such as surveil-
lance [1], inspection [2], delivery [3], and search and rescue
[4]—making them valuable assets in both civilian and mil-
itary domains [5]. From a dynamical systems perspective,
quadrotor flight modes span a wide stability spectrum—from
near-equilibrium hovering to highly nonlinear, aggressive
maneuvers. As a result, no single control strategy can achieve
optimal performance across all regimes. Transitions between
control modes are therefore common, especially as energy
constraints impose competing demands: controllers must ei-
ther deliver agility [6], or conversely, limit maneuverability
to conserve energy and extend flight time [7, 8]. Mono-
lithic control lacks such flexibility; adaptive scheduling with
task-dependent adjustments is needed [9–11]. Frequent mode
switching, however, complicates state estimation, which re-
mains fragile to the quadrotor’s nonlinear and underactu-

*Email addresses: {dengelsm@campus, kitzik@univ}.haifa.ac.il
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Figure 1: Flowchart of the AERO-LQG bi-level optimization.

ated dynamics—despite advances in hardware, inertial sens-
ing, and AI-driven perception [12–18]. To mitigate these
issues, linear quadratic Gaussian (LQG) control remains a
staple in aerial robotics, valued for its theoretical rigor and
optimality under specific assumptions [19]. Many stabilized
flight modes can be approximated as linear systems, allow-
ing precise LQG control, provided operating conditions stay
near the linearization point [20]. Quadrotors are no excep-
tion—their hovering mode, in particular, can be effectively
linearized to facilitate both control and state estimation. How-
ever, while the quadratic form of the cost function is con-
vex for fixed weights, tuning these values constitutes an ad-
ditional outer optimization task—highly non-convex due to
the coupled estimator–controller dynamics [14]. This work
investigates whether a bi-level optimization framework can
systematically maximize the stable flight envelope of LQG-
controlled quadrotors under dynamic state uncertainty.
To address this objective, we develop an aerial-enabled robust
optimization for LQG tuning (AERO-LQG), tailored to mod-
ern quadrotors. As illustrated in Figure 1, an outer evolution-
ary loop refines the weighting matrices, while an inner loop
computes the LQG gains, together forming a nested architec-
ture. Evaluated across diverse metrics, AERO-LQG delivers
unprecedented gains—reducing tracking error by over 55%
and extending flight endurance by nearly 8%.
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The paper unfolds as follows: Section 2 presents the problem
setup and technical foundations; Section 3 outlines the pro-
posed approach; Section 4 discusses the findings; and Sec-
tion 5 concludes the study.

2 PROBLEM SETUP

Quadrotor behavior is modeled as a continuous-time dynam-
ical system, defined by the following differential equation

ẋ(t) = f(x(t),u(t)) , (1)

where x(t) ∈ Rn is the state vector, u(t) ∈ Rm is the control
input vector, and f : Rn × Rm → Rn is a smooth func-
tion that defines its dynamics. The solution to this system
describes the trajectory of the state x(t), starting from an ini-
tial condition x(0) and evolving under the influence of the
input u(t). Most aerial flight modes such as take-off, unco-
ordinated turns, maneuvers, and landing, require the system
states to change dramatically, i.e. ẋ(t) ̸= 0, thereby causing
f to evolve nonlinearly in time. That said, certain operating
points, if controlled properly, enable maintaining the system
at an equilibrium, denoted by subscript e, with their states
demonstrating negligible change [21], such that

ẋ(t) = f(xe,ue) = 0 . (2)

The equilibrium behavior is assessed using local linearity, ap-
proximating the nonlinear dynamics f with a linear model
near the equilibrium point (xe,ue). General fixed-wing con-
figurations permit linear approximation of several trimmed
(stable) flight modes—such as straight-and-level flight, co-
ordinated turns, and steady climbs or descents—thanks to the
gliding capability of their large wing area. Rotorcraft, by con-
trast, depend entirely on rapid, coordinated motor corrections,
yielding predominantly nonlinear dynamics [22, 23]. Conse-
quently, the only flight mode that consistently maintains equi-
librium under small perturbations is hovering (center), as de-
picted in the finite state machine in Figure 2.

Lift
-off

Hovering Touch
-down

Maneuver
Stick-

controlled

Failure /
Emergency

Trajectory

-following

Autonomous

recovery

Figure 2: State transition diagram with hovering as the central
hub connecting diverse nonlinear flight modes (boxes).

2.1 Equilibrium Point

Based on linear systems theory, steady-state dynamics allow
the nonlinear system (1) to be linearized around the equilib-
rium point (xe,ue) through a first-order Taylor expansion
[24]. Since by definition, quadrotor hovering balances the
net forces and net moments into zero, the following approxi-
mation holds around the hovering equilibrium point

ẋ(t) ≈ A(xe,ue)(x(t)− xe) +B(xe,ue)(u(t)− ue),
(3)

where x(t) is the state vector, u(t) the control inputs, and the
deviations from equilibrium are expressed as

δx(t) = x(t)− xe and δu(t) = u(t)− ue . (4)

Assuming linear time-invariant (LTI) dynamics in the vicinity
of the equilibrium point, the system Jacobians with respect to
the state and input are defined as

A(xe,ue) =
∂f

∂x

∣∣∣∣
(xe,ue)

and B(xe,ue) =
∂f

∂u

∣∣∣∣
(xe,ue)

,

(5)

reducing the error dynamics to the standard LTI form

ẋ(t) = Ax(t) +Bu(t) ,

y(t) = Cx(t) ,
(6)

where matrix C extracts the measurable states from x. Model
discrepancies and unmodeled dynamics are represented by
zero-mean white Gaussian noise processes, with process co-
variance W and measurement covariance V

w(t) ∼ N (0,W) , E[ww⊤] = W ≻ 0 , (7)

v(t) ∼ N (0,V) , E[vv⊤] = V ⪰ 0 . (8)

These propagate the open-loop uncertainty, whose state co-
variance P(t) evolves by the continuous-time Lyapunov
equation

Ṗ(t) = AP(t) +P(t)A⊤ +W. (9)

At any fixed time t, the joint distribution of the states and
outputs can thus be approximated as Gaussian, namely

[
x(t)
y(t)

]
∼ N

([
µ(t)
Cµ(t)

]
,

[
P(t) P(t)C⊤

CP(t) CP(t)C⊤ +V

])
.

(10)

where µ(t) is the nominal noise-free state trajectory, initial-
ized as µ(t0) = E[x(t0)], with time evolution given by

µ̇(t) = Aµ(t) +Bu(t) . (11)
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2.2 Inner-Level Optimization
Having identified the hovering operating point as locally lin-
ear under small perturbations enables the application of linear
control theory. In this framework, solving the Riccati equa-
tions yields optimal controller (K) and estimator (L) gains,
whereby the Kalman filter provides state estimates to the lin-
ear quadratic regulator (LQR). These gains are obtained by
minimizing a quadratic cost over a finite time horizon T ,

min
u(t)
Jin ≜ lim

T→∞
E

[
1

T

∫ T

0

(∥x(t)∥2Q + ∥u(t)∥2R) dt

]
,

(12)

subject to (11), with a-priori specified Q ⪰ 0 and R ≻ 0
weighting deviations in x(t) and u(t), respectively [25, 26].
By defining the estimation and the control errors as

e(t) = x(t)− x̂(t) , (13)
ε̂(t) = x̂(t)− xref , (14)

the plant-estimator dynamics admits the block-state form of
[
ẋ
ė

]
=

[
A−BK BK

0 A− LC

] [
x
e

]
+

[
I 0
I −L

] [
w
v

]
,

(15)

highlighting the separation principle, with an upper-triangular
form that decouples the estimator dynamics [27, 28].

2.3 System Dynamics
We begin by outlining the assumptions and coordinate frames
relevant to hovering, a near-equilibrium condition that justi-
fies standard modeling practices [29, 30]: (i) the quadrotor
is a rigid symmetric body; (ii) thrust and moments scale with
the square of rotor speeds; (iii) aerodynamic drag is neglected
due to low speed; (iv) the center of mass coincides with the
body-frame origin. The orientation of the body frame B rela-
tive to the inertial frame I is given by the rotation matrix

RI
B :=

(
eBx , e

B
y , e

B
z

)
∈ SO(3) , (16)

which is constructed through a sequence of three consecutive
rotations: Rz(ψ) about the eIz axis,Ry(θ) about the eIy axis,
and Rx(ϕ) about the eIx axis, where {ϕ, θ} ∈

(
−π2 , π2

)
and

ψ ∈ (−π, π) correspond to the roll, pitch, and yaw angles,
respectively. Based on the Newton-Euler formalism [31], the
translational-rotational coupled dynamics are expressed as
(
fB

τB

)
=

(
mI3 03

03 J

)(
v̇B

ω̇B

)
+

(
ωB ×mvB

ωB × JωB

)
, (17)

where, m is the body mass; J , I3, and 03 are 3 × 3 inertia
tensor, identity, and zero matrices. Forces f and moments τ ,
expressed in the body frame, govern the time derivatives of
vB and ωB. In fixed-point hover, near-zero body velocities

make drag negligible, so the net body-frame force includes
only gravity gB = g eBz and vertical rotor thrusts fB

z,i, as in

fB =

4∑

i=1

fB
z,i −m gB . (18)

Each rotor spins along the body-frame z-axis, generating
thrust by the i-th propeller modeled as

fB
z,i = fz,i eBz =

(
kTΩ

2
i

)
eBz , (19)

where kT is a lumped coefficient. Attitude stabilization is
achieved through differential thrust between opposing rotors
spaced by ℓ. The rolling moment arises from the thrust dif-
ference between motors #4 (left) and #2 (right), given by

τB
ϕ = ℓ

(
fB
z,4 − fB

z,2

)
eBx , (20)

while the pitch moment is controlled by the longitudinal
thrust difference between motors #1 (front) and #3 (rear), as

τB
θ = ℓ

(
fB
z,3 − fB

z,1

)
eBy . (21)

Finally, yaw arises from asymmetry in rotor drag torques, i.e.,
when

∑
i τM,i ̸= 0. Defining kM as the torque coefficient and

positive yaw as counter-clockwise about eBz , yaw torque is

τB
ψ =

4∑

i=1

τM,i = (−1)i
(
kMΩ2

i

)
eBz . (22)

The platform’s trajectory is derived by time-integrating its dy-
namics and applying a coordinate transformation to an iner-
tial reference frame, letting the position vector be [19]

ξI = (x, y, z)
⊤
, (23)

with the corresponding body velocities related by

ξ̇
I
= RI

Bv
B . (24)

The Euler angles vector in the inertial frame is denoted as

ηI = (ϕ, θ, ψ)⊤ , (25)

with its rate of change related to the body angular rates
(p, q, r) through the transformation matrix Wη , such that

η̇I = Wη ωB =



1 sϕtθ cϕtθ
0 cϕ −sϕ
0 sϕ/cθ cϕ/cθ





p
q
r


 , (26)

where ’t’ is the tangent function. For derivation, thrust and
torques are idealized as direct control input functions, hence

u(Ω) =




uz
uϕ
uθ
uψ


 =




fz eBz
τϕ eBx
τθ eBy
τψ eBz


 ∈ R4 . (27)
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Figure 3: Free-body diagram of the quadrotor system model.

Finally, by incorporating the generalized coordinates into the
system model, the augmented state vector is defined as

x =
(
(ξI)⊤ (vB)⊤ (ηI)⊤ (ωB)⊤

)⊤ ∈ R12 , (28)

with the nonlinear state-space model in (1) evolves as



ξ̇
I

v̇B

η̇I

ω̇B


 =




(RI
B)v

B

m−1uz − ωB × vB − g eBz
(Wη)ω

B

J−1
(
(uϕ + uθ + uψ)− ωB × JωB)


 .

(29)

Figure 3 depicts the quadrotor free-body diagram: airframe
(brown), reference axes (black), rotor thrust vectors (green),
control inputs (azure), and rotor spin actuation (orange); grav-
ity and inertial displacement are shown as dashed guides.

B =
∂f

∂u

∣∣∣∣
(xe,ue)

=




03×1 03×3

m−1eBz 03×3

03×1 03×3

03×1 J−1


 ∈ R12×4 . (30)

3 PROPOSED APPROACH

We begin by analyzing the linearized dynamics about the
hover equilibrium, outlining the outer evolutionary LQG op-
timization process, and lastly presenting our proposed imple-
mentation amongst several state-of-the-art tuning methods.

3.1 Hovering Linearization
Since hovering occurs near equilibrium with small state
variables, local behavior can be approximated using small-
angle assumptions. This simplifies (26) to η̇I ≈ ωB and
RI

B ≈ I3+(η)×, respectively, where (·)× denotes the skew-
symmetric operator. With these approximations, the Jacobian
of the nonlinear dynamics in (29) is computed as

∂f

∂x
=




03 I3 + (η)× −(vB)× 03

03 −(ωB)× −(gI)× (vB)×
03 03 03 I3

03 03 03 ∇ω(ω̇
B)


 , (31)

with the corresponding sub-Jacobian of ω̇B given by

∇ω(ω̇
B) = J−1

(
(JωB)× − ωB × J

)
. (32)

Assuming a hovering equilibrium defined by a state vector at
a fixed point and a nominal thrust control input

xe =
(
ξIe 03 ηI

e 03

)⊤ ∈ R12 , (33)

ue =
(
mg 0 0 0

)⊤ ∈ R4 , (34)

substituting this operating point (xe,ue) into the state Jaco-
bian yields the 12× 12 linearized system dynamics model

A =




03 I3 + (ηe)× 03 03

03 03 −(gI)× 03

03 03 03 I3

03 03 03 03


 , (35)

where higher-order centrifugal terms and their Coriolis cou-
plings vanish. Likewise, linearizing the control input around
the thrust required to balance gravity gives Within the state
estimation process, these linearized dynamics hold locally
around the hover equilibrium (xe,ue), enabling state prop-
agation via the state-space model (6).

Table 1: Comparative analysis of weight optimization methods, ordered top-to-bottom by their novelty and precision.

Symbol Optimization method Approach Pros Cons Complexity

MT Manual tuning Trial-and-error Trivial implementation Inefficient (exhaustive) O(npfe)

BR Bryson’s rule [32] Heuristic Intuitive; Fast initial guess Inherently suboptimal O(fe)

PS Particle swarm [33] Swarm-based Robust against local minima Premature convergence O(kinpfe)

GA Genetic algorithm [34] Evolutionary Global search; gradient-free Computation-intensive O(kinpfe)

BY Bayesian [35] Surrogate-based Sample-efficient Scalability issues O(kife + k3
i )

CMA Matrix adaptation [36] Simulation-based Robust in rugged search spaces Slower convergence O(kinpfe)
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Table 1 lists the six optimization techniques used as bench-
marks in this study, distinguished by their key characteris-
tics and ranked in ascending order of complexity. To as-
sess the effectiveness of our covariance matrix adaptation
(CMA) implementation—highlighted in green at the bot-
tom—complexity is expressed in terms of number of parame-
ters (np), iterations (ki), and cost per function evaluation (fe).

3.2 Outer-Level Optimization
Gradient-based methods, while effective in high-dimensional
settings, are unsuitable here since analytical gradients are un-
available: the cost depends implicitly on closed-loop dynam-
ics. The LQG cost (12) is set a priori by Q and R, whose
iterative tuning forms an inner feedback loop within the outer
optimizer. As hovering prioritizes position holding, followed
by attitude and yaw stabilization, the outer cost is defined as

Jout =

∫ T

0

(
∥εξ(t)∥2 + λ ∥εη(t)∥2

)
dt , (36)

where λ ≪ 1 penalizes the translational–rotational error
trade-off. For a state-space model (6) with n states and m
control inputs, the search spans n2 + m2 weight parameters.
This places the bi-level tuning firmly in the domain of black-
box optimization, where weights are iteratively refined with-
out explicit gradients or access to internal system dynamics.
Algorithm 1 formalizes the proposed framework in a high-
level, optimizer-agnostic form, with the inner LQG control
loop nested within the outer weight-optimization process.

Algorithm 1: AERO-LQG bi-level optimization structure
Input: Optimizer O, weight λ, tolerance ϵ
Initialize O and weights (Q,R); // outer-loop
while not converged do

Propose candidate sets {(Qi,Ri)} using O;
foreach candidate (Qi,Ri) do

(ξ(t),η(t))← argminJin; // inner-loop

Feed optimal errors (ε∗ξ, ε
∗
η) into optimizer O;

if Jout < ϵ then
break; // convergence

return (Q∗,R∗);

4 ANALYSIS AND RESULTS

To explore the intricacies of LQG tuning in quadrotor hover-
ing, AERO-LQG results are organized into three subsections.

4.1 Cost Landscape
When applied to a 12-D state space rich in cross-coupled
dynamics, the LQG quadratic cost (12) yields a highly non-
convex landscape over the gain parameters. In such settings,
gradient-based optimizers are prone to becoming trapped in
inferior local minima, with little prospect of escape.

Figure 4: LQG’s marginal stability spawns a rugged, minima-
rich cost surface, calling for gradient-free optimization.

To demonstrate, we compute the cost of a 10-second stan-
dardized gust trajectory, assuming isotropic 3D errors. For
clarity, Qξ and Rξ utilize standard L2 norms, while the esti-
mator noise covariance matrices W and V remain fixed a pri-
ori. Figure 4 illustrates the scalar surface riddled with local
minima, exposing the shortcomings of gradient-based tech-
niques. This accentuates the challenge of proper LQG tuning:
large regions of the cost surface correspond to poor controller
performance, with log-scale costs on the order of Jout ≳ 105.
Yet, precise calibration of Qξ and Rξ norms reduces the cost
by nearly seven orders of magnitude, achieving near-global
optimality and substantially improved performance.

Figure 5: State trajectories under nominal LQG tuning.
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Figure 6: Evolutionary optimization guides Q (top) and R (bottom) from random start (left) toward diagonal dominance (right).

4.2 Robustness Limits under Disturbances
Figure 5 illustrates the quadrotor states over a 10-second
gust impulse [7], with 3D error norms (13) and (14) on the
left, and control inputs (27) on the right. Even with care-
ful manual tuning, the system diverges. In delicate hover-
ing, LQG’s narrow stability margins make it highly sensitive
to disturbances; once error assumptions are violated, diver-
gence grows unchecked. The actuators respond with rapid
but ineffective corrections, oscillating between their mechan-
ical limits. This instability stems from the tight coupling be-
tween the estimator and controller: small deviations degrade
the Kalman filter, initiating a feedback loop that amplifies er-
rors. Unlike LQR, which acts directly on measured states,
LQG’s reliance on these imperfect state estimates compounds
its sensitivity to inaccuracies.

Figure 7: State trajectories under AERO-LQG tuning.

4.3 Performance Evaluation

Building on the need for robust, global optimization methods
that withstand large perturbations, this section: (i) presents
our CMA implementation, (ii) analyzes its performance, and
(iii) benchmarks it against several state-of-the-art approaches.
Figure 6 illustrates CMA’s iterative refinement across five
stages, guiding the search distribution from random initial-
ization (left) to convergence (right). Normalized for clarity,
both Q and R progressively concentrate weight along the di-
agonal as off-diagonal entries diminish, indicating negligible
cross-correlation.
Figure 7 follows the same top-to-bottom error analysis un-
der these finalized parameters. In contrast to the saturated
controllers in Figure 5, the optimized trajectories here re-
cover immediately from the same unit disturbance. A resid-
ual drift persists, visible as sawtooth patterns in the insets;
however, the actuators remain within limits, achieving stabi-
lization with significantly lower control effort (rightmost col-
umn). Table 2 provides supporting numbers: MT at the top
exhibits complete divergence (∞), illustrating why manual
tuning falls short next to automated algorithms.

Table 2: Comparison of optimizers by final-time errors.

Model

Error Position [m] Orientation [deg] Effort [N·s]

∥eξI∥ ∥εξI∥ ∥eηI∥ ∥εηI∥
∫ T
0

u(t) dt

MT → ∞ → ∞ → ∞ → ∞ → ∞

BR 0.48 1.12 0.57 12.3 > 103

PS 0.22 0.77 0.18 6.13 293.8

GA 0.03 0.09 0.22 2.05 119.1

BY 0.31 0.27 0.47 3.21 143.1

CMA 0.01 0.05 0.17 1.74 98.6
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In contrast, the optimizers below perform far better, with
CMA surpassing the leading GA by reducing estimation and
control errors by at least 33% and 55%, respectively. Figure 8
shows these differences across eight flight metrics from [7],
benchmarking all candidate optimizers (excluding MT) with
color-coded distinction.

Figure 8: Comparative analysis of the candidate optimizers.

As shown, CMA (green) attains optimality in five of eight cri-
teria, excelling in precision and energy efficiency but lagging
in agility and responsiveness. Overall, evolutionary strate-
gies (PS, GA, CMA) consistently outperform heuristic meth-
ods (MT, BR) and Bayesian optimization by avoiding prema-
ture convergence in dense local minima. These advantages
provide tangible benefits, particularly in resource-constrained
applications where extended flight endurance is critical.

5 DISCUSSION AND CONCLUSION

This work introduced AERO-LQG, a systematic weight-
tuning framework for quadrotor hovering that addresses the
narrow stability margins and highly non-convex cost land-
scapes characteristic of such systems. By decoupling the in-
ner control loop from the outer stochastic optimizer, weight
initialization is delegated to a powerful evolutionary strat-
egy that remains robust to complex cost landscapes. Bench-
marking across eight flight metrics showed the consistent su-
periority of our CMA implementation in key hovering ca-
pabilities—energy efficiency, flight endurance, and distur-
bance rejection—a result particularly significant for resource-
constrained platforms. While demonstrated on an aerial
system, the approach generalizes to other robots, offering
resource-aware, high-performance control for real-world de-
mands.
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Parameter Sensitivity in Control Allocation: A Monte
Carlo Analysis for an Over-Actuated Aerial Robot

S. Al-zubaidi*, J. Skinner, and K. A. Stol
Faculty of Engineering, University of Auckland

ABSTRACT

Physical parameter uncertainty can degrade con-
trol allocation in over-actuated aerial vehicles
by producing tracking error and cross-axis cou-
pling. We present a Monte Carlo sensitivity
study for a fixed-tilt octocopter, linking realistic
motor/ESC, mass, inertia, centre-of-mass, and
environmental variations to steady-state wrench
error. For the tested platform and fixed al-
locator, vertical CoM displacement and inter-
motor asymmetry dominate allocation degrada-
tion. The results provide practical guidance for
mechanical tolerance control, actuator matching,
and targeted calibration, while clarifying which
conclusions are specific to this UAV and which
may transfer to related over-actuated multirotor
designs.

1 INTRODUCTION

Unmanned Aerial Vehicles (UAVs) have advanced sig-
nificantly as demand for industrial applications grows [1].
As the scope of work for UAVs expands into precision agri-
culture, infrastructure inspection, and autonomous manipu-
lation, demands for accuracy, safety, and performance have
increased proportionally. The evolution of UAV airframe de-
sign has produced over-actuated configurations that enable
control over all six degrees of freedom (DoF), allowing in-
dependent manipulation of position and orientation [2, 3].

Over-actuated UAVs, such as the example shown in
Fig. 1, offer significant advantages over conventional quadro-
tors. The decoupling of position and orientation control en-
ables precise end-effector positioning while maintaining arbi-
trary orientation, essential for applications such as aerial ma-
nipulation, inspection with directional sensors, or grasping
tasks. Fully-actuated systems also provide higher bandwidth
in horizontal axes that typically rely on attitude response in
underactuated platforms, improving stability in dynamic en-
vironments such as turbulent wind [4]. Additionally, actuator
redundancy provides fault tolerance and enables optimisation
of secondary objectives such as power consumption or actua-
tor wear.

However, over-actuated systems, in which the number of
actuators exceeds the degrees of freedom, present challenges

*Email address: salim.al-zubaidi@auckland.ac.nz

Figure 1: The stacked octocopter platform used in this study.

for control allocation. Because multiple actuator combina-
tions can produce the same motion, the task of distributing
control commands (known as control allocation) becomes
more complex. Control allocation maps desired forces and
moments from a high-level controller to actuator commands
while respecting constraints such as saturation and rate lim-
its [5]. For over-actuated systems where the effectiveness ma-
trix B has more columns than rows, infinitely many solutions
exist. Traditional methods, such as direct matrix inversion
via the Moore-Penrose pseudoinverse, often perform poorly
in these scenarios, yielding suboptimal solutions or, in crit-
ical cases, actuator saturation that degrades overall control
performance [5].

Various approaches have been developed to address these
challenges. Traditional methods include explicit ganging [6],
daisy-chaining [7], and pseudoinverse-based mixing. The
redistributed pseudoinverse iteratively clamps saturated ac-
tuators and recomputes the allocation, but early clipping
errors can irreversibly degrade control performance [8].
Optimisation-based methods formulate control allocation as a
constrained problem: direct allocation preserves commanded
moment direction under saturation [9], while error minimi-
sation directly prioritises tracking accuracy. Quadratic pro-
gramming (QP) provides a convex, well-posed formulation
that enforces actuator constraints robustly [10]. Adaptive
methods address actuator uncertainty without explicit fault
detection, with continuous adaptation modelling actuator ef-
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fectiveness as uncertain and updating allocation parameters
using tracking errors [11]. Fault-triggered schemes integrate
with fault detection systems to reconfigure allocation upon
actuator failure [12].

For over-actuated UAVs, accurate knowledge of physical
parameters (mass distribution, centre of gravity, inertia, and
actuator characteristics) strongly influences control allocation
performance. If the internal model is inaccurate, cross-axis
coupling, tracking errors, and instability can result, partic-
ularly when using model-based control techniques such as
Model Predictive Control (MPC) or Incremental Nonlinear
Dynamic Inversion (INDI) [13]. These challenges are espe-
cially relevant for fully actuated and tilted-rotor multirotors,
where non-vertical thrust components make allocation errors
visible across multiple force and torque axes.

While allocation algorithms are well-studied, system-
atic quantification of parameter sensitivities remains lim-
ited. Most validation studies focus on conventional or under-
actuated platforms and assume known nominal parameters
or focus on fault tolerance rather than the impact of re-
alistic manufacturing tolerances and operational variations.
Fixed-tilt multirotors and heterogeneous propulsion config-
urations introduce unique challenges including increased ac-
tuator coupling, nontrivial mapping between thrust inputs and
resulting dynamics, and the potential for internal redundancy
to obscure parameter observability [14]. Few works offer
direct comparisons of allocation methods on common over-
actuated platforms or quantify which specific physical param-
eters most critically affect allocation performance, making it
difficult to assess practical trade-offs in real deployment sce-
narios.

This paper addresses these gaps with a systematic,
airframe-specific sensitivity analysis for a fixed-tilt stacked
octocopter (Fig. 1). The main contribution is a Monte Carlo
sensitivity analysis that identifies which physical parame-
ters dominate allocation error, enabling targeted calibration,
tolerance specification, and design optimisation. Parame-
ter distributions are derived from manufacturer data, opera-
tional experience, and literature. A step-by-step simulation
workflow connects sampled motor, ESC, airframe, CoM, and
environmental parameters to steady-state force and torque
output, clarifying how parameter deviations produce alloca-
tion errors. The resulting design guidance includes explicit
bounds on generality: the numerical ranking is platform- and
allocator-dependent, while the workflow can be repeated for
other UAVs and allocation laws.

2 PLATFORM AND STEADY-STATE MODEL

2.1 Stacked Octocopter Platform
The platform is a custom-built over-actuated UAV with

eight rotors arranged in two layers [14]. The upper rotors
are tilted around the x-axis, while the lower rotors are tilted
around the y-axis (Fig. 1). This fixed-tilt design provides
full 6-DoF control authority without requiring variable-tilt

Table 1: Nominal Physical Parameters

Parameter Symbol Value

Mass m 0.95 kg
Inertia (Roll) Ixx 0.024 kg·m2

Inertia (Pitch) Iyy 0.024 kg·m2

Inertia (Yaw) Izz 0.105 kg·m2

Arm Length L 0.125 m
Rotor Tilt Angle α 32◦

Propeller Diameter Dprop 5 × 4.5 inch

mechanisms. The body frame follows the North-East-Down
(NED) convention with the x-axis pointing forward, y-axis to
the right, and z-axis downward.

The hardware consists of BE-ox V32306 2250 kV mo-
tors with 5×4.5 inch propellers, 50A ESCs with bidirectional
DShot. Table 1 summarises the key physical parameters.

2.2 Steady-State Wrench Model
In this study, control allocation is represented by a fixed

nominal mixer matrix Γ. The matrix is designed for the nomi-
nal geometry and is held constant during all uncertainty trials;
therefore, the results quantify robustness of this control allo-
cation method. The desired control setpoint ũ is mapped to
individual motor commands as:

cnorm = clip (Γũ,−1, 1) (1)

The normalised command is scaled to the PWM input udyn =
(cnorm + 1)/2. For each Monte Carlo trial, Γ remains un-
changed while the physical plant parameters are perturbed.
This captures a practical deployment scenario: an allocator
is designed from nominal CAD and component data, but the
real vehicle differs from that model.

The motor dynamic equation relates angular acceleration
to electrical and mechanical torques:

Jω̇ =
Kt

R
(uVbatt −Keω)−KtI0 − Cτω2 (2)

where J is rotor inertia, Kt andKe are torque and back-EMF
constants, R is winding resistance, I0 is no-load current, and
Cτ is the propeller torque coefficient. At steady state (ω̇ = 0),
this quadratic balance is solved for the physically meaningful
positive root ωss,i(ui) for each motor. Thus Kt, Ke, R, I0,
Cτ , and ESC voltage mapping parameters influence the fi-
nal wrench by first changing each motor’s steady-state speed,
then changing thrust and reaction torque through the squared-
speed terms below.

Each motor produces thrust and reaction torque in its local
frame:

miTi =




0
0

−kfω2
ss,i


 , miτ i =




0
0

−dr,iCτω2
ss,i


 (3)

2
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Desired Force/Moment

Desired Force/Moment

Example: Pure Pitch Command

Accurate  

Reflects actual system
dynamics

Inaccurate 

- Missing COM offset
- Wrong motor params

- Geometric assumptions

Control Allocation

Control Allocation

⚠ Incorrect distribution

Actuator Commands

Actuator Commands

Imbalanced

Actual Force/Moment

✓ Minimal cross-coupling

Accurate Effectiveness Matrix (RLS-Based)

Inaccurate Effectiveness Matrix (Nominal/Geometric)

Actual Force/Moment

✗ Unintended thrust/torque
✗ Cross-coupling errors

✗ Reduced tracking accuracy

Figure 2: Control allocation error propagation: inaccuracies in the effectiveness matrix lead to incorrect actuator distribution,
cross-axis coupling, and degraded tracking performance.

where dr,i ∈ {−1,+1} indicates rotation direction and kf =
0.5ρpz3D

2
propAp.

The total body-frame wrench sums contributions from all
motors, transformed from motor frames:

bTss =

8∑

i=1

Rmi→b · miTi (4)

bτ ss =

8∑

i=1

(Rmi→b · miτ i + ri × (Rmi→b · miTi)) (5)

where ri is the position vector from the Centre of Mass
(CoM) to motor i. CoM perturbations enter through this
moment arm, motor-axis geometry enters through Rmi→b,
and environmental and propeller parameters enter through kf .
Consequently, the same command vector can produce a dif-
ferent body wrench even though the allocator command is
unchanged.

2.3 Simulation Workflow
Each simulation trial proceeds as follows:

1. Sample one vehicle instance from Table 2. Motor pa-
rameters are sampled independently; while the rest of
the parameters are sampled at vehicle level.

2. Apply the fixed nominal mixer Γ to one representative
setpoint to obtain clipped motor commands.

3. Convert each normalised command to a PWM input
and solve Eq. 2 to find steady-state motor speed.

4. Convert each speed to local thrust and reaction torque,
then transform these contributions into the body frame
using Eqs. 4–5.

5. Normalise the resulting physical wrench and compute
error and leakage scores.

3 SENSITIVITY ANALYSIS METHODOLOGY

3.1 Sources of Parameter Uncertainty
Physical parameters are subject to variation from four pri-

mary sources:

• Manufacturing tolerances: Motor constants (KV ,
KE , Cτ ) vary between units even within the same
batch [15].

• Assembly inconsistencies: CoM shifts due to battery
placement, cable routing, and component mounting.

• Degradation: Demagnetization reduces motor con-
stants; bearing wear increases no-load current [16].

• Environmental factors: Air density varies with tem-
perature, pressure, and altitude.

3.2 Monte Carlo Simulation
For each of N = 10,000 trials, every parameter was sam-

pled from a normal distribution centred on its nominal value.
The standard deviations in Table 2 are derived from manufac-
turer specifications, operational experience, and literature.

The 10% variation for I0 (no-load current) is based on
Portescap datasheet values and is assumed representative
across brands.

Motor-specific parameters were sampled independently
for each motor to capture inter-motor discrepancies. This
enables analysis of both symmetric shifts (all motors devi-
ate together) and asymmetric spread (motors differ from each
other).

3.3 Justification of Selected Variations
The standard deviations in Table 2 model realistic opera-

tional uncertainty based on manufacturer data, literature, and
operational experience.

3
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Table 2: Parameter Variations for Monte Carlo Simulation
Parameter Variation (σ) Source

Motor & ESC (per-motor)
KV ,KE , Cτ 3.0% [16]
R (Resistance) 5.0% [15]
I0 (No-load current) 10.0% Portescap datasheet
Voff,mv (ESC) 2.0% [17]
Dprop 1.0% [18]

Airframe & Mass
Mass (M ) 2.0% [19]
Inertia (I) 5.0% [20]
CoM X,Y 1 mm (abs) [21]
CoM Z 10 mm (abs) Operational

Environmental
ρair 10.0% Atmospheric

Motor & ESC Parameters: Motor electromagnetic con-
stants (KV , KE , Cτ ) use 3% variation reflecting manufactur-
ing tolerance and degradation (demagnetization) [16]. Resis-
tance (R) uses 5% due to thermal effects and winding health
variations [22]. No-load current (I0) uses 10% due to bearing
friction sensitivity. ESC voltage mapping (Voff , mv) uses 2%
from component tolerances [17]. Motor-specific parameters
were sampled independently per motor to capture both sym-
metric shifts (all motors deviate together) and asymmetric
spread (motors differ from each other). For each parameter in
each trial, features were computed as: (1) MeanDev—mean
absolute deviation from nominal across all motors, quantify-
ing overall magnitude of shift; (2) StdDev—standard devia-
tion of sampled values across motors, quantifying inter-motor
variability; (3) Range—difference between maximum and
minimum sampled values across motors, quantifying spread
extremes. Symmetric shifts affect peak performance; asym-
metric spread drives cross-axis leakage.

Airframe & Mass: Mass uses 2% for added hard-
ware/cables beyond CAD. Inertia uses 5% from measurement
and CAD estimation uncertainty. CoM uses absolute devia-
tions [1, 1, 10]mm (X,Y,Z), with larger vertical tolerance re-
flecting battery mounting variability (brand/size differences,
velcro strap positioning).

Environmental: Air density uses 10%, combining baro-
metric pressure fluctuations (±20–30 hPa→±3%) and tem-
perature swings (20°C→±5%) [23].

3.4 Performance Metrics

Two metrics quantify allocation degradation. Since the
desired setpoint Wdesired is a unitless vector (normalised to
[-1, 1] except for Fz which is [0, 1]), while the system output
Wactual consists of physical forces (N) and torques (Nm), the
output must first be normalised to enable meaningful compar-
ison.
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Figure 3: Normalisation of output wrench components. Phys-
ical forces (Fx, Fy, Fz in N) and torques (τx, τy, τz in Nm)
are scaled to unitless ranges matching commanded setpoints:
[-1, 1] for x/y forces and torques, [0, 1] for z-force.

For the five axes with zero-centred command ranges
(Fx, Fy, τx, τy, τz), normalisation is performed by scaling
against the vehicle’s maximum authority:

[Wactual, norm]i =
[Wactual]i
[Wmax]i

for i ∈ {1, 2, 4, 5, 6} (6)

For the vertical thrust axis (Fz), a min-max scaling accounts
for a non-zero thrust offset identified during nominal charac-
terisation:

[Wactual, norm]3 =
[Wactual]3 − Fz,offset

Fz,max − Fz,offset
(7)

Figure 3 illustrates this normalisation, showing how physi-
cal force and torque outputs are mapped to the same unitless
range as the commanded setpoints.

Normalised Error Score: The L2-norm of the difference
between desired and normalised actual output:

SError = ∥Wactual, norm −Wdesired∥2 (8)

Relative Leakage Score: The magnitude of wrench com-
ponents on axes commanded to zero, relative to the com-
manded wrench:

SLeakage =
∥Wleakage∥2
∥Wdesired∥2

× 100% (9)

3.5 Test Setpoints

Six representative setpoints isolate each degree of free-
dom. All setpoints except pure vertical thrust include a 0.5
vertical thrust bias to operate around a typical hover point, lin-
earising system behaviour around a common operating con-
dition. Figure 3 shows the input setpoints.

4
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3.6 Stepwise Multivariable Regression
To isolate each parameter’s effect while accounting for

confounding variables, stepwise multivariable linear regres-
sion with backward elimination was applied per setpoint [24].

For each setpoint, a full linear model predicts perfor-
mance score (Y ) from all parameter features (X1, . . . , Xp):

Y = β0 + β1X1 + β2X2 + · · ·+ βpXp + ϵ (10)

Predictors with p > 0.05 were iteratively removed via back-
ward elimination until all remaining coefficients were signif-
icant. Backward elimination is preferred over forward selec-
tion as it captures interactions that might appear insignificant
in isolation. While LASSO regression offers advantages in
some contexts, it can arbitrarily select among correlated pre-
dictors, which would complicate interpretation when motor
parameters within the same unit are physically correlated.

Models achieved adjustedR2 values ranging from 0.21 to
0.38 (mean 0.31). These modest values are an important lim-
itation and indicate that a linear additive model does not cap-
ture the full nonlinear structure of the simulator. In particular,
the features used here (MeanDev, StdDev, and Range) sum-
marise the magnitude of motor mismatch but not which phys-
ical motor locations contain the high or low values; two sam-
ples with the same spread can produce different leakage de-
pending on their spatial arrangement. We therefore interpret
regression outputs as sensitivity indicators rather than pre-
dictive performance models. Future code releases will make
it straightforward to replace this stage with higher-capacity
models such as Gaussian processes, random forests, or poly-
nomial chaos expansions, while retaining the same simulation
workflow.

Final models were aggregated by frequency (percentage
of setpoint models where a parameter remained significant)
and strength (mean absolute t-statistic when significant), dis-
tinguishing localised vs. distributed effects.

4 RESULTS

4.1 Nominal System Characterisation
The nominal system (all parameters at their specified val-

ues) was first characterised to establish baseline performance.
A key finding was a non-zero thrust offset at zero command
input, confirming linear response but requiring specialised
normalisation for the Fz axis (Fig. 4).

4.2 Overall Parameter Sensitivity
Figure 5 aggregates results from all per-setpoint regres-

sion models, showing both the frequency at which each pa-
rameter was statistically significant and the average strength
(mean absolute t-statistic) of its effect.

The results reveal a clear hierarchy of parameter sensi-
tivities. Uncertainty in the vehicle’s Centre of Mass (CoM)
was found to be the dominant driver of both overall wrench
error and cross-axis leakage. Secondary, yet still significant
factors included inter-motor discrepancies, specifically the
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Figure 4: Physical thrust output vs. normalised Fz command
for the nominal model.

standard deviation of the back-EMF constant (StdDev KE).
Other motor parameters show smaller but consistent influ-
ences, with effects occurring uniformly across most manoeu-
vre setpoints rather than being manoeuvre-specific. In con-
trast, the system demonstrated robustness to environmental
variations such as air density.

4.3 Key Findings

1. Vertical CoM Displacement Dominates: Centre of
Mass variation along the Z-axis (CoM AbsDev Z) is the
strongest performance driver for this platform. This parame-
ter particularly affects horizontal thrust manoeuvres (Fx, Fy).
When CoM shifts vertically, tilted thrust vectors no longer
pass through the centre of mass, creating coupling between
translation and rotation. For this platform’s 32° tilt angle,
a 10 mm CoM shift generates parasitic moments the alloca-
tor cannot fully compensate. This sensitivity is geometry-
dependent and manoeuvre-specific.

Figure 6 illustrates this effect for the Fy setpoint (horizon-
tal thrust), showing a strong linear relationship (R = 0.89)
between vertical CoM deviation and roll torque leakage. The
physical mechanism: vertical CoM displacement changes the
moment arm for motors producing horizontal thrust, directly
generating parasitic roll moments proportional to the dis-
placement.

2. Motor Asymmetry Causes Consistent Leak-
age: Inter-motor variations, especially in back-EMF
(StdDev KE), represent the second most significant factor.
Unlike CoM, motor asymmetry affects setpoints universally.
When motors have different electromagnetic constants, iden-
tical commands produce unequal thrusts, creating unintended
force/torque components. This affects fundamental actuator
response rather than geometric coupling.

3. Distributed Motor Effects: Other motor parameters
show smaller but consistent influences across both leakage
and error metrics, with effects occurring uniformly across
most manoeuvre setpoints rather than being manoeuvre-

5
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Figure 5: Overall parameter significance summary. (Left) Percentage of manoeuvre models in which each parameter remained
significant after backward elimination. (Right) Average absolute t-statistic indicating typical effect strength.

Figure 6: Vertical CoM deviation vs. normalised roll torque
leakage for Fy setpoint (horizontal thrust).

specific.
4. Environmental Robustness: Air density was not sta-

tistically significant in any model. Symmetric changes (af-
fecting all motors equally) preserve allocation geometry, so
relative cross-coupling is unaffected unless approaching sat-
uration.

5. Manoeuvre-Dependent vs. Universal Sensitivi-

ties: CoM affects specific manoeuvres (horizontal thrust),
while motor asymmetry universally degrades performance.
This distinction enables targeted mitigation: manoeuvre-
dependent effects may be adaptively compensated, while uni-
versal effects require component matching or calibration.

5 DISCUSSION

5.1 Implications for Practitioners
The results suggest the following prioritisation for im-

proving control allocation accuracy in over-actuated systems:
Mechanical Precision - Highest Priority: First, standar-

dising mass distribution to minimise CoM variation. Sec-
ondly, the use of mechanical fixtures (jigs, bays, locking
mechanisms) rather than flexible mounting (straps, velcro) to
ensure the parts do not move around during flight keeping
CoM fixed during flight.

Component Matching: First, characterise individual ac-
tuator parameters and match units with similar characteris-
tics. For electric motors, the back-EMF constant (KE) is
most critical, as asymmetry in this parameter drives consis-
tent cross-axis leakage across all manoeuvres. In addition,
distributing matched actuators balances asymmetric effects
and reduces leakage errors.

5.2 Generalisability and Allocator Dependence
The specific sensitivity rankings depend on both this plat-

form’s geometry (32° tilt, stacked configuration) and a fixed
matrix as the control allocation. However, the methodology

6
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detailed in Section 3 can be repeated for other over-actuated
UAVs and allocation methods. That said, several physical
mechanisms are nevertheless expected to transfer across re-
lated aerial platforms:

1. CoM sensitivity: UAVs exhibit coupling between
translational and rotational commands. This is particularly
relevant for tilted-rotor and fully actuated multirotors. The
dominant sensitivity axis varies with airframe geometry, but
the underlying moment-arm mechanism is shared.

2. Actuator matching: Multi-rotor UAVs benefit from
matched propulsion units, although the most critical motor or
propeller parameter may vary with the airframe, motor model,
and operating point.

3. Assembly vs. environment: Mechanical assembly
precision is likely to dominate in controlled indoor UAV op-
eration, while outdoor flight with large temperature, pressure,
or wind variations may increase the relative importance of
environmental uncertainty.

The Monte Carlo workflow presented here provides a
template for quantifying sensitivities on other UAV plat-
forms. The regression stage gives a compact, statistically
interpretable summary, despite strong correlations. For this
platform, the strongest mechanism was also visible directly
in the simulator output, as evidenced by the strong correlation
between vertical CoM deviation and observed roll leakage.

5.3 Experimental Check and Limitations
This analysis focuses on steady-state allocation perfor-

mance and does not capture transient effects from motor dy-
namics (time constants, delays), aerodynamic rotor-rotor in-
teractions or rate-constrained allocation behaviour near sat-
uration. The regression analysis assumes linear superposi-
tion of parameter effects; nonlinear interactions may exist
at extreme parameter deviations. The allocator is also fixed
throughout the study, so conclusions about relative sensitivity
should be re-evaluated for allocation methods with different
constraint handling, null-space objectives, or adaptation.

A limited qualitative experimental check was conducted
on a similar physical octocopter using motion-capture mea-
surements during horizontal thrust manoeuvres with inten-
tionally shifted battery/CoM placement. The observed cross-
coupling direction was consistent with the simulation pre-
diction that vertical CoM displacement induces parasitic
roll/pitch moments during lateral force commands. This
is not presented as quantitative validation because closed-
loop controller compensation, motion-capture differentiation
noise, and imperfect knowledge of the exact CoM shift pre-
vented a clean comparison.

6 CONCLUSION

This paper presented a systematic uncertainty-to-wrench
sensitivity workflow for quantifying how realistic parameter
variations affect a fixed control allocator on an over-actuated
fixed-tilt octocopter. Using Monte Carlo simulation with
10,000 samples and interpretable regression screening, we

identified vertical Centre of Mass displacement and inter-
motor asymmetries as the dominant factors degrading allo-
cation accuracy and inducing cross-axis leakage for this plat-
form and allocator.

For the tested platform, physical assembly precision and
component matching had stronger effects on control alloca-
tion performance than aggregate mass properties or ambient
conditions. Tightening vertical CoM tolerance (e.g., through
standardised battery mounting) and matching motor electro-
magnetic constants offer practical routes to improved alloca-
tion accuracy.

These findings translate into design guidance for over-
actuated UAVs: prioritise mechanical consistency in mass
distribution, characterise and match actuators before assem-
bly, and focus calibration on inter-unit variations rather than
environmental compensation. While the specific sensitivity
rankings depend on airframe geometry and allocation law, the
workflow can be applied to related multirotor UAV designs.

Future work will extend this analysis in four directions.
First, incorporating motor dynamics and transient responses
will capture time-dependent effects during rapid manoeu-
vres. Second, load-cell or thrust-stand validation will quan-
tify the predicted sensitivity rankings under controlled param-
eter changes. Third, repeating the workflow for pseudoin-
verse, constrained QP, redistributed, and adaptive allocators
will show how allocation design could change uncertainty
margins.
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ABSTRACT

Each year, hundreds of thousands of hectares are
devastated by wildfires, causing severe impacts
on biodiversity and major economic losses. In
this context, better understanding of wildfires for
rapid and effective response is essential. We aim
to develop methods of wildfire analysis using a
drone fleet to provide accurate information for
optimal intervention. This work forms part of
this project with a focus on smoke analysis. The
chaotic behaviour of fires, and the high temper-
atures makes the safe deployment of drones in a
wildfire context a challenging task, leading to a
lack of data for smoke and fire analysis. To ad-
dress this gap, we present an experimental setup
leading a public dataset of temporally synchro-
nised and spatially calibrated images and point
clouds of smoke plumes in a controlled environ-
ment. Using three 3D LiDARs Livox-MID360
and five heterogeneous HD cameras, this setup
is the first to make multi-view and multi-LiDAR
data of smoke scenes available1. A proof-of-
concept demonstration is presented, featuring a
simulation of a swarm of drones interacting with
a dynamic smoke plume represented by a 3D
point cloud obtained with the described setup.

1 INTRODUCTION

1.1 Context
Due to climate change and rising summer temperatures,

which are breaking new records every year, wildfires are be-
coming increasingly frequent. Whether caused by arson, ac-
cident or natural causes, they are extremely devastating and
seem difficult to predict. These extreme fires have a direct
impact on the natural environment and the health of living
beings (including humans), as they are very difficult to con-
trol and release toxic fumes that severely affect air quality
[1]. Given the increasing frequency of wildfires, it is essen-
tial to be prepared and to manage these fires as effectively as

*Email address: gaetan.perez@laas.fr
1Git repo available here : https://github.com/Typos91/LiCamFlow

possible in order to minimise their socio-ecological impact
[2]. In this context, a drone fleet equipped with LiDARs 2

and cameras could gather data of the smoke to analyse it and
try to model in order to predict the short-term evolution of
the smoke plume and the fire. This information could prove
useful to firefighters on the ground in helping them devise a
strategy to contain the fire. To our knowledge, we are the first
to build a dataset combining LiDAR and images to capture
smoke rising, allowing to explore diverse methods for smoke
understanding. This opens the door to exploit new kind of
data for drone control or machine learning tasks.

1.2 Related work

The presented setup tries to link computer graph-
ics/computer vision works on smoke reconstruction, to po-
tential robotics applications that can be done with drones in
the context of wildfires.

LiDAR for environment observation. Since several years
now, LiDARs have become a central component in several
robotics fields and for different purposes. In autonomous
vehicles fields, combining several LiDARs enables to build
a precise map of the surrounding environment with min-
imised blind spots, making localisation, object tracking and
decision-making more robust [3] [4] [5]. LiDARs were also
impressively impactful in agriculture fields since it can help
to monitor and characterise the state of crops and trees [6],
using different types of vehicles [7][8][9][10].
As LiDARs are mainly used in robotics for object detection
and navigation, data accuracy is critical, in this context some
work show interest to the interaction with aerosols or in ad-
verse weather, but usually considering it as noise that reduces
performances [11] [12] and not to observe their properties.

Camera-LiDAR sensor fusion. Even if 3D LiDAR is now
a widely used component in robotics they have, like all sen-
sors, limitations in some cases. The discrete representation of
the environment and the absence of colour information makes
it hard to characterise the targets. It is then widely recognised
that sensor fusion gives more promising information. Specif-
ically in the case of LiDARs, Camera-LiDAR sensor fusion
was the first association to rise in literature starting from the

2Please note that when speaking about LiDARs or 3D LiDARs, we refer
to mid-range sensors (around 100m), unless otherwise stated.
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pioneer KITTI dataset [13].
Even though this sensor combination is majorly used in the
case of autonomous vehicles, and object detection, we found
very few works referring to Camera-LiDAR sensor fusion in
case of dynamic phenomenon observation, and more specifi-
cally fluid flows like in this study.

Fluid flow Observation. Fluid flow observation is an im-
portant concept in various fields like fluid mechanicals but
also computer graphics or machine-vision. Several tech-
niques to extract the volumetric fluid flow information were
designed in the past. One of the most famous techniques was
the Particle Imaging Velocimetry (PIV), it regroups a set of
techniques reviewed first by [14] which uses lasers illuminat-
ing a fluid flow with tracers particles, and capturing the scat-
tering effect of the laser on these tracers across time, to get
an information of the local dynamics of the fluid and follow-
ing it in time. A similar approach was to capture the scatter-
ing effect of a flow particles (without tracers) in participating
media like smoke [15] [16]. However, the scattering effect
depends on the relative size of the particles in relation with
the laser wavelength making this technique dependent of the
composition of the media studied. PIV technique is a pioneer
in fluid flow volumetric observations as it enables to perform
3D reconstruction of the flow using multiple cameras [17].
However, the observation is usually made on small volumes
and needs an important setup that must be installed in a labo-
ratory which is therefore not adapted in our case.
A widely used alternative to these setups involving lasers, and
usually made for small-scale studies, is the tomography. It
consists of sets of 2D views of the subject, which are used
to build a 3D volumetric reconstruction. Tomography proved
to be very useful especially for gas and smoke observation,
which is more complex to observe with the PIV method. [18]
uses optical flow algorithm and a specific noisy background
to record transparent non-stationary gas flow with 16 cam-
eras, and builds a 3D reconstruction of refractive index of the
gas enabling to determine physical properties of the gas. [19]
takes low-resolution 2D views as an input to flow tracking by
adding physical constraints through the Navier-Stokes equa-
tion and a pressure solver usually used in simulations. Re-
cently, Saclarflow [20] became a huge milestone specifically
in 3D smoke reconstruction, presenting physically-based sim-
ulated smoke voxel grids trained with real data. By releasing
the dataset they used to train their model, it opened the door
to new machine learning-based tomography techniques [21]
for smoke flow observation. This work aims to follow on
from fluid flow tomography works, and add LiDAR data, giv-
ing geometrical precision to the observations. We think that
these data may be of interest outside the computer graphics
community with the addition of LiDAR data. At larger scales,
other types of sensors can be used for flow observation. More
specifically with smoke, RADARs and Doppler LiDARs are
used to observe smoke density and speed information at long
range [22], enabling to study precisely the speed fields inside

a wildfire smoke plume. However, these sensors are not made
for mobile robotics and need to be static to be used.
Other methods involving images for smoke plume observa-
tion can be used, such as satellite imagery or using a fleet of
drones. [23] deploys a fleet of drones, in which a leader drone
observes a plume using a camera and controls four other
drones to optimise observation. These drones use only cam-
eras to observe the plume and then generate a 3D coloured
point cloud from the images recorded using the COLMAP al-
gorithm. However, our work and objectives focus on the use
of a camera-LiDAR combination to directly get a 3D point
cloud from the sensors and improve the quality of the gener-
ated point cloud obtained when using solely COLMAP.

Datasets. In both robotics and computer graphics,
datasets are of great importance since they enable testing al-
gorithms developed with real-world conditions, showing the
limits but also opening new subjects. However in robotics,
those algorithms are generally not used directly for control
but for closely related topics like computer vision tasks or lo-
calisation.
As mentioned previously, the Scalarflow [20] dataset had ma-
jor a impact on the computer graphics community in smoke
observation; however, the lack of situation diversity in the se-
quences prevents proper generalisation.

2 MULTI-VIEW AND MULTI-LIDAR ACQUISITION

In order to build a coherent dataset, we want to be able
to merge image and point cloud data. These can be used if
sensors are spatially calibrated (meaning that the frame trans-
formation between each sensor is known) and temporally syn-
chronised.

2.1 Setup
The complete setup consists of 3 ”acquisition modules”

plus 2 cameras placed all around a fog machine to minimise
blind spots. An acquisition module corresponds to a fixed
piece with 1 LiDAR Livox MID-360 and 1 camera attached.
The two remaining cameras are not attached to any LiDAR.
For the LiDARs to be able to capture the whole plume, they
are rotated 90° so that the horizontal view becomes the verti-
cal one, and therefore the vertical FOV is no longer a limita-
tion.

Choice of LiDAR. The choice of the LiDAR is crucial, as
it is a balance between what can be assembled on a drone and
the quality of the output data. For this choice, 2 LiDARs were
compared with respect to their mechanical properties (size of
sensor and weight) and the data quality: the Livox MID-360
and the Ouster OS1. Figure 2 gives a visual of the compar-
ison between the two sensors. Two launches of smoke were
performed using the fog machine, one with a Livox MID-360
LiDAR’s recording (2a 2b 2c), and the other using an Ouster
OS1 LiDAR (2d 2e 2f). In figures 2e 2f and 2b 2c, the plume
was extracted from the rest of the point cloud to focus the
comparison on it. The smoke extraction is explained in sec-
tion 3.2.
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Figure 1: Schematic diagram of the final setup for multi-
view/multi-LiDAR acquisition

Unlike the OS1 sensors, the MID-360 LiDAR employs a
different, non-repeatable scanning method, leading to some
holes in the 3D point cloud of the smoke plume, as it can be
seen in figure 2a. However this pattern allows for more ran-
dom distribution of points within the environment, providing
an accurate representation with fewer scans (a maximum of
200,000 points per second for the Livox MID-360 compared
to a maximum of 5.8 million points per second for the OS1).
This difference in point number is clear when comparing fig-
ure 2a with 2d. This is also reflected in the number of points
representing the smoke plume, which is around 2000 points
for the Ouster LiDAR, whereas the Livox returns around 1000
points for the same smoke plume. It is also worth noting that
the reflectivity given by the Livox LiDAR is harder to use
because all points have very low value. On a scale from 0
to 255, with 0-150 values corresponding to diffuse scattering
objects and 151-255 corresponding to total reflection objects,
the returns of the smoke have their intensity value usually be-
tween only 0 and 10 (please note that the computation of the
reflectivity varies depending on the LiDAR manufacturer, but
it is always computed using the ratio of the amount of energy
received relative to that emitted by the sensor).
However, the strength of the Livox LiDAR resides in its size
(65 × 65 × 60mm) and its small weight (285 g with inte-
grated mounting system versus 925 g with mounting system
for the Ouster OS1), making it very appropriate for small
drones easily deployable, which is an important characteristic
in our context. Therefore, even if the Livox MID-360 shows
some limitations in comparison with the OS1, its small size
and adaptability to drone applications make it a better choice
for our setup.

Network. This setup aims to be adaptable to different con-
ditions, in particular, indoor and outdoor conditions in order
to compare data in controlled and uncontrolled environments.
Outdoor conditions also imply longer distances, which means

(a) Livox plume, full
point cloud

(b) Livox plume,
front view

(c) Livox plume, side
view

(d) Ouster plume,
full point cloud

(e) Ouster plume,
front view

(f) Ouster plume,
side view

(g) Rainbow colorbar from low to high intensity/reflectivity

Figure 2: Comparison of a smoke plume detected with 3
Livox MID-360 LiDARs (up) and a smoke plume detected
with one Ouster OS1 LiDAR (bottom). The colour bar repre-
sents the evolution of the point colours with respect to their
intensity (or reflectivity). This information is provided di-
rectly by the sensor, however, each sensor can have a differ-
ent way to compute this value, so they cannot be compared
directly.

longer cables for data transmission. Therefore, an Ethernet
connection must be used. Since USB3.0 cameras are used,
a Raspberry Pi 5 is added to each camera. The cameras are
directly connected to their Raspberry Pi, and the latter are
connected via Ethernet to a switch connected to a router. Fur-
thermore, the Raspberry Pi will be used for temporal syn-
chronisation using the GPIOs to trigger the camera. Figure
1 presents a schematic diagram of the components and the
networking done for this setup. As shown in the figure, all
elements (except for the LiDARs) are connected to a router,
which assigns to them an IP address. This subnet is then used
to access the Raspberry Pis using an SSH connection from
the main computer.

Lighting. The dataset targets image-LiDAR connection,
and handling semi-transparent interactions with the back-
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Figure 3: Scheme of the transformations and known positions
given by MoCap. The black lines refer to the position given
by the MoCap. The blue lines refer to positions in the LiDAR
frame. The green lines are the position given in the reference
frame, here the fog machine. The red lines refer to the po-
sition given in the camera frame from where the line starts.
Transformations T are 4×4 homogeneous matrices contain-
ing translation and rotation between two frames. And Ps are
the coordinates of a point given by the LiDAR, in a given
frame.

ground is out of scope. For this reason, we focus on im-
ages where the light makes our understanding easier, and the
background must have as little interaction as possible. This
approach is inspired by Scalarflow [20] but differentiates by
the size of the plume (ours elevates at five metres high, com-
pared to approximately one metre in the Scalarflow dataset).
As the sensors are disposed in a circle all around the smoke
in order to capture not only one face of the smoke but also the
whole plume, a black cloth cannot be set easily, and therefore
the background is visible. However, to tackle this problem,
the lights of the room are turned off, and 4 LED spots are
posted directly towards the smoke plume in such a way that
they do not appear behind the smoke for any camera. With
this configuration, we obtain a nice contrast between the use-
less background and the subject of the images, which will be
useful for the post-processing part.

2.2 Sensor calibration
Many pipelines in computer vision require precise camera

calibration and knowledge of extrinsic and intrinsic parame-
ters. Intrinsic parameters refers to internal characteristics of
the sensor. In the case of a camera the parameters are the fo-
cal lengths, the central point of the sensor and the distortion
effect of the lens. As for the extrinsic parameters, they refer
to the position of the sensor in a given frame (translation and
orientation). Therefore, the sensors were carefully calibrated
using classical chessboard calibration for the intrinsic param-
eters of the cameras. As for the extrinsic parameters (cameras
and LiDARs), motion capture was used.

Motion Capture. When working with cameras and Li-
DARs, especially when the objective is to use them for data
fusion, it is important to have a precise estimation of the sen-

Figure 4: Motion Capture markers (circled in red) on each
module

sors positions, within the same frame. Using a chessboard
detectable by LiDARs and the cameras, it is possible to find
every position relative to one arbitrarily chosen sensor. How-
ever, this technique is heavy to set up and must be redone each
time a sensor is moved intentionally or accidentally. When
doing a setup with dozens of sequences, a dynamic way to
have the sensors positions is needed. The motion capture is
perfectly suited for this task, as it is able to give real-time
positions of the sensors using markers like those presented
in figure 4. The alignment between the motion capture rigid
body origin and the sensors internal frame was done using the
dimensions of the sensors given in their data-sheet meaning
that a static offset between the motion capture rigid body and
the actual sensor frame exists. Data is provided to do a more
precise calibration using a reflective chessboard with motion
capture markers.

2.3 Temporal synchronisation

To observe a physical phenomenon, it is necessary to ob-
serve the evolution of the system over time. If several sensors
are used, they must be synchronised so that the data can be
merged with certainty that the same phenomenon is being de-
tected by each sensor. This is particularly important for a
plume of smoke, which is highly sensitive to the slightest dis-
turbance.
Since perfect synchronisation is impossible, we estimate an
offset acceptance. Using the first LiDAR frames of a se-
quence, when the smoke is expelled from the fog machine and
rises, we measure the approximate speed of the rising smoke
thanks to the known timestamps of the point clouds, which
will give an approximation of the smoke speed at the source.
With this technique, the estimated smoke speed is approxi-
mately vsmoke = 3m/s. According to [24], which carried
out a comprehensive study that verified the sensor specifica-
tion, the Livox MID-360 has centimetre accuracy. Therefore,
with this precision limitation we can compute a temporal off-
set acceptance: δt = δx/vsmoke. With the LiDAR precision
δx ≈ 0.01m.
Therefore, we obtain a maximum wanted time offset of δt ≈
3.3ms between sensors.

Camera triggering. In order to synchronise the shots, [20]
uses the same hardware trigger for all cameras. In our case, as
we want a setup that can be adapted to long distances, a single
cable for all the cameras seems more complicated to manage.
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We choose to parallelise the trigger signals, meaning that each
Raspberry Pi associated with a camera will be responsible for
sending the signal. In order for all signals to be sent at the
same time, all Raspberry Pi units must be synchronised (i.e.,
hey must have the same time reference) and receive an in-
struction indicating when the signal should be sent. All this
must be done while keeping in mind that the shots must also
be synchronised with the LiDAR scans. The latter operate at
10Hz and have a scan time of just under 0.1s. We want to be
able to take 2 photos for each scan, which means a frequency
of 20Hz for the cameras. Based on these constraints, we con-
struct the algorithm 1. We use the actual difference between
two LiDAR scans to estimate when to send a signal to trigger
the cameras. Algorithm 2 describes how to obtain the average
value of the timestamps of the three LiDARs and compute the
mean difference between two scans of a LiDAR.
For this algorithm to work properly, all devices must be syn-
chronised so that they all have the same time reference. A
central clock is chosen, to which all other devices (Raspberry
Pi and LiDAR) can synchronise.

Synchronisation protocol. A synchronisation protocol is
a protocol used to synchronise a local clock with that of
a server connected to a physical clock (usually an atomic
clock). For example, the NTP (Network Time Protocol) pro-
tocol allows synchronisation with a server that is accessible
worldwide. These synchronisation protocols generally work
with UDP communication protocols, hence the need for an
Ethernet connection. For synchronisation with reference to a
local physical clock, the PTP (Precision Time Protocol) syn-
chronisation protocol is used [25].

2.4 Acquisition

Image Writing. One of the challenges when storing data
received by a Raspberry Pi is its write speed. Indeed, the
data must be stored faster than the rate at which it is received.
This depends on several factors, such as the image size, its
encoding, and the frame rate. In our case we work with im-
ages measuring a maximum of 1920 × 1200 px, with GRAY8
encoding (greyscale, 8-bit) and at a frame rate of 20 frames
per second, which corresponds to a writing speed of 46 MB/s.
This speed is below most of the SD card’s maximum capac-
ity, but if the frame rate were to be increased, a more specific
storage system should be used.

ROS2 integration. ROS2 is a middleware platform used
for the development of robotic systems. It enables the ex-
change of information between multiple programmes, known
as nodes, via various standardised methods (topics, services
and actions). Thus, for multi-sensory experimentation, it is
a very adapted tool, especially when the various sensors are
connected in some way (for example, with synchronisation or
spatial calibration). Furthermore, ROS2 offers visualisation
tools such as Rviz2 or RQT, which facilitate a comprehensive
understanding of the system.
Therefore, ROS2 was used to record the LiDARs as well as

Algorithm 1: LiDARs - Cameras synchronisation
using PTP and Raspberry Pi

Inputs :
∆Tcameraj : Time Exposure of

the camera i
N : number of LiDAR
K : number of cameras

Temporal Variables:
Tts LiDARi

: LiDAR timestamp
i

Tcapt : Mean Timestamp
between each LiDAR’s timestamp

∆TLiDAR : Mean duration
between 2 scans

t : Current Time of the
computer
Outputs : Trigger signal sent from each

raspberry Pi to their
corresponding camera

1 Initialisation :
2 Start PTP protocol from the computer (master) to

synchronise the devices clock (LiDARs and
Raspberry Pi)

3 Wait until time is synchronised (indicated in LiDAR
message)

4 For each LiDAR read Tts LiDARi

5 for t← t0 to t0 + 1s do
6 Tcapt,∆TLiDAR ←

get mean timestamp(t,N)
7 end
8 Starting Acquisition :
9 while Aquisition active do

10 for j ← 1 to K do
11 Compute

Ttriggerj ← Tcapt −
∆Tcameraj

2 +∆TLiDAR

// Estimate next time to
Trigger each camera
corresponding to its time of
exposure

12 end
13 Tcapt,∆TLiDAR ←

get mean timestamp(t,N)
14 for j ← 1 to K do
15 while PTP synced clock() < Ttriggerj do
16 Wait
17 end
18 Send Trigger // This must be done

in parallel thanks to the
PTP calibration between the
Raspberries

19

20 end
21 end
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Algorithm 2: get mean timestamp
Inputs : t : Current Time of the computer

N : number of LiDAR
Outputs: Tcapt : Mean Timestamps between all

LiDARs
∆TLiDAR : Mean duration between 2 scans

1 for i← 1 to N do
2 Read Tts LiDARi from ROS2 message of LiDAR i

// recall that LiDARs and
computer’s clocks are
synchronised

3 end
4 Compute Tcapt ← mean(Tts LiDARi) // Compute

mean of timestamps
5 Compute ∆TLiDAR = Tcapt(t)− Tcapt(t−∆TLiDAR)
6 Return :
7 Tcapt,∆TLiDAR

the motion capture positions, enabling the computation of the
position of each sensor in the same frame with the smoke cen-
tred in (0,0). It was also used to send the information of when
to trigger the cameras to each Raspberry Pi.

3 DATA POST PROCESSING

Different types of setups were tested, all respecting the
imposed constraints (sensors all around the smoke, temporal
synchronisation, spatial calibration, ...). So, the first step of
the post-processing step was to qualitatively evaluate the data
in order to strike a balance between data quality and ease with
which the experimental setup can be reassembled in the same
or different conditions.

3.1 Images
As smoke is a semi-transparent substance, it is difficult to

isolate, especially when the background is not plain. There-
fore, we apply simple filters to try to remove the background
without degrading too much the quality of the smoke in the
image. The first step is to compute the median value of the
background using images without smoke and then to subtract
this from the images containing smoke. We finally apply a
threshold filter to complete the background de-noising.

3.2 Point clouds
Merging clouds. To visualise the smoke as a single point

cloud, the three point clouds sent by the LiDARs must be
merged. To do so, the position given by the motion capture
system is used to project all the points in the same global
frame. Figure 3 gives the transformation matrices to apply to
project a point on the global frame (ref frame in the figure).
Another possibility which was not used here is to use the ICP
algorithm with all LiDARs 2 by 2 to find all the needed trans-
formations.

Labelling and Smoke extraction. The first challenge in

(a) Octree reference map with-
out the smoke

(b) Octree map with new smoke
voxels

Figure 5: Visualisation of the octree map created to label and
extract the points corresponding to the smoke plume.

processing LiDAR data once all point clouds are merged is
the segmentation. More specifically, our aim is to identify
which points correspond to the smoke plume so that we can
extract them from the rest, as shown in figure 2, or just label
them.
There are several segmentation algorithms, such as those
based on the RANSAC algorithm, which attempts to iden-
tify specific shapes within the point cloud [26]. Other ma-
chine learning-based methods improve segmentation perfor-
mance by also detecting dynamic objects [27]. In our case,
we are seeking to extract a dynamic object with a poten-
tially highly variable shape, rendering RANSAC-based algo-
rithms ineffective. Furthermore, given the limited (or even
non-existent) availability of LiDAR smoke data, the use of
machine learning-based algorithms appears ill-suited.
Consequently, the decision was made to use a simpler ap-
proach, albeit one that is less adaptable to real-world situa-
tions. Given that the plume of smoke is the only dynamic
object in the scene, each point cloud can be compared to a
reference map created beforehand using data of the surround-
ing environment that excludes the smoke.
The reference map is the sum of the first point clouds of a
sequence, without the smoke, and then converted into an oc-
tree grid. Then, for each new point cloud of the sequence,
we generate a new octree which is compared to the reference
map. All the voxels of the octree that were not here in the
reference map are considered to contain points of smoke. To
avoid outliers, a statistical outlier removal filter is applied to
the remaining point cloud. Figure 5 shows two octree grids,
one with and the other without the smoke. The voxels cor-
responding to the smoke are inside the red shape in figure
5b. The extraction of smoke can be applied in real time dur-
ing the experimentations or afterwards using the C++ PCL
library [28].

4 CASE STUDY : SWARM DRONE GUIDANCE

To demonstrate the usefulness of this data in the context
of a drone swarm, we present an implementation of drone
swarm guidance based on 3D point clouds recorded using the
setup described in this paper. We aim to simulate a case of a
drone swarm observing a smoke plume with a LiDAR sensor
and reacting to its evolution.
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(a) Point clouds seen by each manager drone (each colour corre-
sponds to one drone) and the original point cloud in transparent red.

(b) Point clouds seen by each worker drone (each colour corresponds
to one drone) following a circle around the centroid point computed
by managers and the original point cloud in transparent red

Figure 6: Manager and worker drones organised to observe
the smoke plume. Each circle represents a drone.

Simulated LiDAR. In order to replicate a real-world sce-
nario as closely as possible, in which each drone has its own
incomplete perception of the smoke, a basic LiDAR simula-
tion is integrated into each drone. To create this simulated
LiDAR, the real specifications of the Livox MID-360 LiDAR
are used to create a volume where the drone can perceive the
point cloud. We arbitrarily decide to keep only the 30% clos-
est points in order to not detect the points behind the surface,
as it is the case with a real LiDAR. Guidance. Following the
idea of [23], we organise the fleet with one manager group
and one worker group, each one composed of 3 drones. The
first group aims to give a global description of the smoke
plume, computing its centroid and main directions of prop-
agation based on their LiDAR observation. To do so, they are
set to a static position facing towards the smoke (assuming
that the approximate plume position is already known) and
far from the plume (but still in the LiDAR range) to have a
global view of the scene. Each drone computes the centroid
position of their perceived point cloud with their simulated
LiDAR, as described previously. Then, the mean of com-
puted centroids is calculated and sent to the worker drones
group. In figure 6a, the manager drones are displayed joining
their positions to observe the smoke plume and compute the
centroid. When receiving their target, the workers will join

a circular formation and rotate around the smoke, facing to-
wards the centroid at a closer distance than the managers. In
figure 6, the worker drones are added; they circle around the
centre of the smoke plume calculated by the manager drones.
Each colour displayed on the smoke plume corresponds to a
worker drone’s perception.

5 CONCLUSION AND FUTURE WORKS

We presented in this paper an experimental setup to record
synchronised and spatially calibrated smoke images and point
clouds in a controlled environment, with an application to
drone swarm control. We believe that this data can be use-
ful for smoke recognition and drone control around smoke
plumes, and a simple example of application is described en-
abling to better understand our view. The objective of this
dataset is also to provide data that can be used for smoke mod-
elling and behaviour learning.
Current works are looking to complete this dataset with a
larger range of situations, from a controlled environment with
adjusted lighting to an outside environment with natural con-
ditions (wind, sunlight, dynamic background, ...), and devel-
oping maximum swarm drone coverage of a smoke plume
using the presented data.
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2020.

[3] Sharad Chitlangia Akhil Agnihotri Ding Zhao Han-
jiang Hu, Zuxin Liu. Investigating the impact of multi-
lidar placement on object detection for autonomous
driving, 2022.

[4] Jianhao Jiao, Haoyang Ye, Yilong Zhu, and Ming Liu.
Robust odometry and mapping for multi-lidar systems
with online extrinsic calibration. IEEE Transactions on
Robotics, 38(1):351–371, 2022.

[5] Kim Gon-Woo Sualeh Muhammad. Dynamic multi-
lidar based multiple object detection and tracking. Sen-
sors, 19(6), 2019.

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 140



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-16 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

[6] Murcia Moreno Harold. Characterisation of Trees in
Orchards using 3D LiDAR Data Collected by Mobile
Robots. Theses, Université de Toulouse, December
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Vision-guided Velocity Control of Micro Air Vehicles
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ABSTRACT

Micro air vehicles (MAVs) operate under strict
size, weight, power, and computational con-
straints, which make heavy deep neural con-
trollers challenging for onboard deployment.
Spiking neural networks (SNNs) and event-
based vision have recently emerged as promising
approaches for energy-efficient aerial autonomy.
Existing studies mainly focus on low-level con-
trol or direct event-driven sensing, while the gen-
eration of high-level velocity commands from
visual observations remains insufficiently ex-
plored. This paper proposes a rate-decoded SNN
imitation-learning controller for vision-guided
MAV velocity control. The proposed controller
maps compact visual-state observations, includ-
ing target offsets, apparent scale, and motion
cues, to continuous three-axis translational ve-
locity commands using leaky integrate-and-fire
neurons and spike-rate decoding. The controller
is trained through imitation learning from a priv-
ileged PID expert that has access to vehicle posi-
tion and velocity feedback, whereas the SNN re-
ceives only visual observations. The training ob-
jective combines behavioral cloning, command-
smoothness regularization, and spike-rate reg-
ularization. Experimental results in a visual
target-approaching task show that the learned
SNN reproduces the dominant target-following
behavior of the expert controller, continuously
reduces tracking error, and maintains stable spik-
ing activity during closed-loop execution. The
results demonstrate the feasibility of compact
rate-decoded SNNs for high-level vision-guided
MAV control.

1 INTRODUCTION

Micro Air Vehicles (MAVs) are increasingly expected to
perform autonomous navigation and decision-making tasks
under strict constraints in size, weight, power, and onboard
computation. This makes efficient perception and control
a central challenge for sustained autonomous flight. Re-
cent studies have demonstrated that autonomous MAVs can

*Email: hannwoei@nwpu.edu.cn

perform highly dynamic tasks, such as deep-learning-based
MAV racing and real-time visual navigation [2]. How-
ever, deploying computation-intensive neural controllers on
resource-constrained MAV platforms remains challenging in
practice. Therefore, perception and control algorithms for
MAVs must satisfy stringent requirements in terms of com-
putational overhead, memory footprint, inference latency, and
energy consumption [3,4]. These constraints make the design
of lightweight and energy-efficient neural control architec-
tures a central challenge for enabling practical autonomous
MAV flight.

To address the computational and energy constraints
of MAV autonomy, spiking neural networks (SNNs) have
emerged as a promising alternative to conventional Artifi-
cial Neural Networks (ANNs). SNNs are commonly regarded
as the third generation of neural network models, where in-
formation is represented by temporally sparse spike events
rather than continuous-valued activations [5]. By maintain-
ing internal neuronal states, such as membrane potentials and
synaptic currents, SNNs perform event-driven temporal com-
putation and transmit information only when firing thresholds
are reached. This sparse communication mechanism makes
SNNs naturally compatible with event-based sensors, tem-
poral sensory streams, and neuromorphic processors. More-
over, surrogate-gradient learning enables SNNs to be opti-
mized with gradient-based methods while preserving discrete
spike-based forward dynamics [6, 7]. Because SNNs rely on
sparse event-driven computation, they can reduce computa-
tional overhead compared with dense activation-based neural
models, which make them suitable for resource-constrained
onboard MAV systems with limited latency, memory, and en-
ergy budgets.

Recent studies have demonstrated the potential of SNNs
for MAV control. Fully neuromorphic vision-to-control sys-
tems have shown that raw event-camera data can be pro-
cessed by SNNs to generate low-level control commands for
autonomous MAV flight [8]. Neuromorphic attitude estima-
tion and control has further shown that modular SNNs can
map raw inertial measurements to motor-related control com-
mands on an MAV platform [9]. In addition, fully spiking
actor–critic control trained with proximal policy optimization
has been applied to high-speed continuous MAV control [10].
These studies demonstrate the feasibility of SNN-based MAV
autonomy, but existing methods mainly focus on low-level at-
titude control, event-camera-based control, or reinforcement-
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learning-based agile flight. For MAV visual servoing, it re-
mains necessary to investigate whether a compact SNN policy
can learn high-level velocity commands from visual observa-
tions while maintaining stable closed-loop tracking behavior.

In this work, we propose an SNN-based imitation learn-
ing framework for high-level MAV velocity control. The pro-
posed method focuses on designing a compact spiking neu-
ral controller that maps low-dimensional visual observations
to translational velocity commands. The controller is imple-
mented using leaky integrate-and-fire neurons, which allow
temporal information to be represented through internal neu-
ronal states and sparse spike activity. Given the visual obser-
vation vector, the SNN generates bounded velocity outputs
along the x, y, and z axes for closed-loop target approach-
ing. The SNN controller is trained through imitation learning
from a privileged PID expert. The expert has access to ve-
hicle position and velocity feedback and provides reference
translational velocity commands, whereas the SNN learns to
approximate the expert policy using only compact visual ob-
servations. A rate-decoding mechanism is adopted to convert
spike activity into continuous control commands. To improve
control accuracy and temporal stability, the training objective
combines behavioral cloning loss, command-jerk regulariza-
tion, and spike-rate regularization. This design encourages
the SNN to produce accurate, smooth, and biologically plau-
sible spiking control outputs. Experimental results demon-
strate that the trained SNN can reproduce the main target-
approaching behavior and achieve stable closed-loop visual
tracking.

The main contributions of this work are summarized as
follows:

• A rate-decoded leaky integrate-and-fire SNN controller
is proposed for high-level MAV velocity control, which
enables continuous three-axis translational velocity
generation from compact visual observations.

• An imitation-learning framework is introduced that
combines expert-command supervision, temporal
command-smoothness regularization, and spike-rate
regularization to improve tracking accuracy, control
smoothness, and spiking stability.

• Closed-loop simulation experiments demonstrate that
the proposed controller reproduces the dominant
target-approaching behavior of a physical-feedback ex-
pert while maintaining stable spiking dynamics during
visual servoing.

2 METHODOLOGY

2.1 Pipeline Overview
Fig. 1 illustrates the overview of the proposed closed-loop

SNN imitation-learning pipeline for vision-guided MAV ve-
locity control. The pipeline consists of four main compo-
nents: visual observation, expert demonstration and imita-

tion training, the rate-decoded SNN controller, and the con-
trol output applied to the MAV. The simulation environment
provides vehicle odometry and visual target observations for
closed-loop interaction. During training, a conventional ex-
pert controller computes reference translational velocity com-
mands from the physical tracking error, while the SNN learns
to predict corresponding velocity commands from compact
visual observations. In the current training configuration, the
expert command is used to drive the vehicle, and the SNN
is optimized in parallel through supervised imitation. During
evaluation, the trained SNN policy is deployed as the con-
troller and directly sends its predicted velocity commands to
the vehicle velocity-control interface.

The task is formulated as vision-guided target approach-
ing for an MAV. The vehicle is required to approach a vi-
sual reference target and maintain stable tracking behavior
through translational velocity control. Instead of using high-
dimensional image inputs, the controller receives a compact
observation vector obtained from the visual target feature
stream:

ot = [qt, dx,t, dy,t, st, g
e
x,t, g

e
y,t]

⊤. (1)

Here, qt denotes the marker-identifier channel provided by
the visual feature message, dx,t and dy,t denote the normal-
ized horizontal and vertical image-plane offsets of the vi-
sual target, and st represents the normalized apparent target
scale. The terms gex,t and gey,t denote the horizontal and ver-
tical components of the time-surface motion vector. The re-
sulting six-dimensional feature vector is directly used as the
SNN observation. In the implementation, the horizontal im-
age coordinate is inverted to match the vehicle lateral-control
direction. The image-plane offsets, apparent target scale,
and motion-vector components are normalized and clipped
to bounded ranges to improve numerical stability and reduce
the influence of outlier visual measurements during training.

The SNN policy maps the observation vector ot to a
bounded translational velocity command:

vcmd
t = [vcmd

x,t , v
cmd
y,t , v

cmd
z,t ]⊤. (2)

Throughout this paper, vcmd
t denotes the velocity command

predicted by the SNN, and vE
t denotes the reference velocity

command generated by the expert controller. The yaw-rate
command is fixed to zero in the current setting; therefore, the
learning problem focuses on three-axis translational velocity
control. The SNN controller consists of a continuous feature
encoder, a leaky integrate-and-fire spiking layer, and a linear
readout layer. Spike activity is accumulated over multiple in-
ternal simulation steps and converted into continuous control
outputs through rate decoding. The decoded command is fur-
ther bounded by a hyperbolic tangent function and axis-wise
velocity limits of [0.35, 0.35, 0.25]⊤ m/s for the x, y, and z
axes, respectively, to match the expert command range.

The privileged PID expert generates reference veloc-
ity commands using vehicle position and velocity feedback,
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Figure 1: Overview of the proposed closed-loop imitation-learning pipeline. During training, the expert controller provides
reference velocity commands for supervised imitation, while the rate-decoded SNN learns to map compact visual observations
to three-axis velocity commands. During evaluation, the trained SNN is deployed as the closed-loop velocity controller.

which are not available to the SNN policy. These expert com-
mands serve as supervised targets for the SNN. The training
objective combines axis-weighted behavioral cloning loss,
command-jerk regularization, and spike-rate range regular-
ization. The behavioral cloning term encourages the SNN
output to match the expert velocity command, the jerk term
penalizes abrupt temporal variations in the predicted com-
mand sequence, and the spike-rate term constrains the firing
activity within a desired range. This formulation enables the
SNN controller to learn accurate, smooth, and stable spiking
control outputs for closed-loop target approaching.

2.2 Implementation of Spiking Neural Networks
The proposed control policy is implemented as a rate-

decoded spiking neural network (SNN) composed of leaky
integrate-and-fire (LIF) neurons. Unlike conventional artifi-
cial neural networks that transmit continuous activations at
each layer, the LIF-based SNN maintains an internal tempo-
ral state through membrane-potential dynamics and commu-
nicates information using binary spike events. Such temporal
dynamics allow the controller to encode short-term variations
in visual observations while preserving the event-driven com-
putational characteristics of spiking neural networks.

The policy maps a compact visual observation vector ot
to a continuous translational velocity command. The observa-
tion vector contains the normalized visual and motion-related

features extracted at control step t. The overall network con-
sists of an input projection module, an LIF spiking computa-
tion layer, a rate-decoding module, and a continuous velocity
readout. First, the observation is embedded into a hidden fea-
ture representation through a multilayer projection function:

ht = fproj(ot), (3)

where fproj(·) is composed of fully connected layers with
normalization and nonlinear activation. This projection trans-
forms the low-dimensional observation into a latent represen-
tation suitable for subsequent spiking computation.

The projected feature ht is then injected into the LIF spik-
ing layer over a short internal time window of length T . In
the reported experiments, the internal spiking window is set
to T = 8. According to the implementation, the LIF layer
contains 128 neurons, with τ−1

mem = 10.0, τ−1
syn = 5.0, and a

firing threshold of ϑth = 0.30. At each internal spiking step
k, the LIF neurons update their membrane potential accord-
ing to the incoming current and their previous hidden state.
When the membrane potential exceeds the firing threshold, a
binary spike is generated and the neuron state is reset. The
spike-generation process can be written as

σt,k, ξt,k = fLIF
(
ht, ξt,k−1

)
, k = 1, . . . , T, (4)

where σt,k denotes the binary spike vector at the k-th internal
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step, and ξt,k represents the corresponding LIF neuron state,
including the membrane potential and synaptic current. The
generated spike sequence within one control step is denoted
as

Bt = {σt,1,σt,2, . . . ,σt,T } . (5)

This internal temporal unfolding enables the policy to convert
a compact visual feature into a spike-based temporal repre-
sentation before producing the final velocity command.

Since the quadrotor requires continuous velocity com-
mands, a rate-decoding strategy is adopted to bridge the dis-
crete spike representation and the continuous control space.
Specifically, the spike-rate vector is computed by averaging
the binary spike sequence over the internal time window:

σ̄t =
1

T

T∑

k=1

σt,k. (6)

The decoded spike-rate vector σ̄t provides a continuous rep-
resentation of the spiking activity and is used as the input
to the final velocity readout layer. The translational velocity
command is obtained by

vcmd
t = vmax ⊙ tanh (Woσ̄t + bo) , (7)

where Wo and bo are the learnable parameters of the linear
readout layer, tanh(·) bounds the output range, vmax denotes
the maximum allowable velocity for each axis, and ⊙ repre-
sents element-wise multiplication.

The final output of the policy is defined as

vcmd
t =

[
vcmd
x,t , v

cmd
y,t , v

cmd
z,t

]⊤
, (8)

which corresponds to the translational velocity commands
along the x, y, and z axes. In the current setting, the yaw-
rate command is not learned by the SNN and is fixed to
zero during policy execution. Different from approaches that
rely on an additional output low-pass filter, the proposed pol-
icy directly uses the rate-decoded SNN output as the control
command. Therefore, the temporal smoothness of the gener-
ated velocity command is mainly determined by the intrinsic
LIF dynamics, the spike-rate decoding mechanism, and the
smoothness-aware training objective.

2.3 Expert-Guided Imitation Learning
The proposed SNN controller is trained using expert-

guided imitation learning. During training, an expert policy is
used to provide reference translational velocity commands for
the visual servoing task. The expert policy is implemented as
a privileged PID-based outer-loop velocity controller, which
computes stable velocity demonstrations from vehicle posi-
tion and velocity feedback according to the tracking error be-
tween the vehicle and the target. These expert commands
serve as supervised labels for training the SNN policy.

At each control step, the perception module extracts the
visual observation ot, and the SNN predicts a velocity com-
mand vcmd

t from this observation. In parallel, the expert

Algorithm 1 Closed-loop rate-decoded SNN imitation learn-
ing

1: Initialize environment, expert, and SNN policy
2: for episode = 1 to 1000 do
3: Randomize the initial MAV pose
4: Reset expert integrator and SNN hidden state
5: Set rollout length by curriculum schedule
6: for step = 1 to Tep do
7: Extract and normalize visual observation ot
8: Compute expert command vE

t

9: Predict SNN command vcmd
t by rate decoding

10: Accumulate losses after warm-up steps
11: Apply the expert command to the simulator
12: if step is divisible by 20 then
13: Detach SNN hidden state from the graph
14: end if
15: end for
16: Backpropagate the accumulated loss and update SNN

parameters
17: end for

policy generates the reference command vE
t . The SNN is

optimized to imitate the expert command while preserving
smooth and functional spiking behavior. During the early
training stage, the simulator is driven by the expert command
rather than the SNN output. This prevents unstable com-
mands from an untrained SNN from destabilizing the vehicle
and allows the model to learn from stable closed-loop trajec-
tories.

The training process follows a closed-loop rollout proce-
dure. For each episode, the vehicle is initialized from a ran-
domized pose, the expert and SNN hidden states are reset,
and the system is rolled out for a fixed number of control
steps. After an initial warm-up period, the SNN prediction
and expert command are collected to compute the imitation
loss. The SNN hidden state is periodically detached from
the computational graph to avoid excessively long backprop-
agation histories while preserving its temporal state during
execution. After each episode, the accumulated loss is back-
propagated through the SNN using surrogate gradients, and
the network parameters are updated with gradient-based op-
timization.

The rollout length follows a curriculum schedule from
100 to 600 control steps. For an episode of length Tep, the
warm-up duration is set to Nw = min(50, ⌊0.3Tep⌋) control
steps. These initial steps are excluded from loss accumula-
tion to reduce the influence of reset transients in the LIF state
and visual-motion features. Adam optimization is used with
a learning rate of 10−4 and weight decay of 10−6.

2.4 Loss Function

The SNN policy is trained by minimizing a composite
loss that combines expert imitation, command smoothness,
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and spike-activity regularization. The total loss is defined as

Ltotal = λbcLbc + λjerkLjerk + λrateLrate. (9)

In the reported experiments, the loss weights are set to λbc =
1.0, λjerk = 0.02, and λrate = 0.01. An additional task-
direction metric is computed during training for monitoring
purposes, but its weight is set to zero and it is not used for
parameter optimization.

The primary learning objective is axis-weighted behav-
ioral cloning, which penalizes the discrepancy between the
SNN command vcmd

t and the expert command vE
t :

Lbc =
1

3|T |
∑

t∈T

∑

j∈{x,y,z}
wj
(
vcmd
j,t − vEj,t

)2
, (10)

where T denotes the set of training steps after the warm-
up period, and the axis-weight vector is set to w =
[1.0, 6.0, 3.0]⊤. Larger weights are assigned to the lateral
and vertical axes because these channels are more sensitive
to visual-servoing errors and were observed to be more diffi-
cult to fit during training.

To suppress abrupt command variations, a command-jerk
regularization term is introduced. It penalizes the second-
order temporal difference of the predicted velocity commands
over a rollout:

Ljerk =
1

Tep − 2

Tep∑

t=3

∥∥vcmd
t − 2vcmd

t−1 + vcmd
t−2

∥∥2
2
. (11)

This term encourages temporally smooth velocity outputs
without applying an explicit low-pass filter to the final com-
mand.

The spike-rate regularization term is designed to maintain
functional spiking activity in the hidden LIF layer. Instead of
enforcing a fixed target firing rate, a range-based penalty is
used:

Lrate = [max (0, rlow − r̄)]2 + [max (0, r̄ − rhigh)]2 ,
(12)

where r̄ denotes the mean spike rate of the hidden LIF layer.
The lower and upper bounds are set to rlow = 0.05 and
rhigh = 0.18, respectively. This formulation prevents silent
neurons and saturated firing activity while allowing the net-
work to learn a flexible range of effective spike rates.

3 EXPERIMENTAL SETUP

The experiments are conducted in a ROS2-Gazebo sim-
ulation environment based on the Crazyflie nano-quadrotor
platform. Following the software-in-the-loop simulation
idea of CrazySim [12], the environment is implemented us-
ing ROS2, Gazebo, and the open-source Crazyflie ROS2-
Gazebo package1. The package provides a Gazebo-based

1https://github.com/bitcraze/crazyflie-simulatio
n

Crazyflie model, ROS2 communication interfaces, and
velocity-command interaction, enabling repeatable closed-
loop evaluation of vision-guided MAV control.

The perception and control pipeline is implemented as
ROS2 nodes. The onboard camera stream is processed using
OpenCV, and an ArUco marker is used as the visual refer-
ence. Compact visual features, including marker center, ap-
parent scale, and short-term image-space motion cues, are ex-
tracted and used as the input to the SNN controller. The SNN
is implemented with PyTorch and Norse [11], where leaky
integrate-and-fire neurons and surrogate-gradient-compatible
spiking computation are used. Velocity commands are pub-
lished to the Crazyflie simulation interface, while odometry
feedback is obtained through the ROS2-Gazebo bridge.

The task is defined as vision-guided target approaching
in a three-dimensional workspace. A floating visual refer-
ence marker is placed at [2.2, 0, 0.8]⊤ m, while the desired
target position is set to p∗ = [2.0, 0, 0.8]⊤ m. This offset
reflects a practical visual-servoing setting, where the marker
provides perception guidance and the UAV is expected to sta-
bilize at a desired relative position rather than directly collide
with the marker. At the beginning of each rollout, the UAV
is initialized from a randomized position sampled from x0 ∈
[−2.0, 0.0] m, y0 ∈ [−1.0, 1.0] m, and z0 ∈ [0.75, 0.95] m.
The range is chosen to ensure that the marker is visible in
most initial states while still providing sufficient variation in
distance and lateral offset.

For evaluation, the trained SNN controller and the ex-
pert reference controller are tested from the same initial poses
over a fixed rollout length of 600 control steps. The compar-
ison considers 3D trajectory, tracking error, per-axis velocity
command, command jerk, and spike activity. Command jerk
is computed from the discrete second-order difference of the
velocity command, while spike activity is measured by the
mean hidden-layer spike rate. These metrics jointly evalu-
ate target-reaching performance, control smoothness, and the
functional spiking behavior of the proposed controller.

4 EXPERIMENTAL RESULTS

This section evaluates the learned SNN controller in the
vision-guided target-approaching task. The expert controller
uses physical position and velocity feedback, whereas the
SNN controller generates three-axis velocity commands from
compact visual observations. Therefore, the evaluation fo-
cuses on whether the SNN can reproduce the dominant target-
approaching behavior rather than exactly match the expert
trajectory at every time step.

Fig. 2 presents a representative individual trajectory pro-
duced by the rate-decoded SNN controller. The strobo-
scopic sequence in panel (a) visualizes the complete target-
approaching motion. Panels (b) and (c) show the trajectory
projected onto the x–z and x–y planes, respectively, with
color encoding the elapsed time. Starting from the light-
colored square, the MAV progresses toward the target while

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 146



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-17 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

Figure 2: Visualization of the MAV target-approaching tra-
jectory and convergence behavior.

correcting its lateral position and altitude. The trajectory con-
verges toward the dashed target region, demonstrating stable
target-approaching behavior during closed-loop visual servo-
ing.

The tracking-error curves in Fig. 3 show that both con-
trollers continuously reduce the initial position error during
the 600-step rollout. The SNN follows the same decreasing
trend as the expert, indicating that the learned controller can
generate effective closed-loop velocity commands from vi-
sual observations.

Fig. 4 reports the position responses along the x, y, and z
axes. The x-axis response shows that both controllers move
consistently toward the target, indicating that the SNN learns
the dominant forward target-approaching behavior. The y-
axis response indicates that the SNN can reduce the lateral
deviation, although its convergence profile differs from that
of the expert controller. The SNN z-axis response remains
bounded around the target altitude but shows a larger resid-
ual offset than the expert response. The vertical dashed line
indicates the time step at which the camera temporarily loses
the visual target. This loss of visual reference may reduce the

Figure 3: Position tracking error comparison over the evalua-
tion rollout.

reliability of the compact visual observation and contribute to
the subsequent lateral and vertical deviations. These results
suggest that the SNN learns a usable visual servoing policy,
while axis-level precision is still affected by visual-target vis-
ibility and closed-loop dynamics.

The velocity-command comparison in Fig. 5 further ex-
plains the observed motion. Along the x axis, the SNN pro-
duces a forward velocity close to the dominant expert com-
mand. Along the y and z axes, the SNN commands are less
adaptive and show local fluctuations. Nevertheless, the gen-
erated commands remain sufficient to guide the MAV toward
the target region.

Command smoothness is evaluated using discrete com-
mand jerk, as shown in Fig. 6. The SNN produces a short
initial jerk peak after rollout begins, but the jerk remains low
for most of the trajectory. Since no output low-pass filter is
applied, this result suggests that the rate-decoding mechanism
and smoothness-aware training provide usable command con-
tinuity.

Fig. 7 shows the hidden-layer spike activity during SNN
evaluation. The spike rate increases at the beginning and then
remains stable, indicating that the LIF layer stays active dur-
ing closed-loop control and that the velocity command is pro-
duced through functional spike-rate representations.

To evaluate robustness under randomized initial condi-
tions, the SNN controller was tested from different randomly
sampled initial positions, as shown in Fig. 8. The resulting
trajectories show that the SNN consistently drives the MAV
toward the target region from different initial states. The
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Figure 4: Position-axis comparison for the expert controller
and the SNN controller.

trajectories exhibit clear forward progress along the x direc-
tion, lateral correction from both sides of the workspace, and
bounded vertical motion around the target altitude with small
residual offsets. These results demonstrate that the learned
controller preserves a consistent target-approaching tendency
under randomized initial conditions.

Overall, the experimental results show that the rate-
decoded SNN controller can reproduce the main visual target-
approaching behavior of the expert controller. The learned
policy reduces tracking error, generates bounded velocity
commands, and maintains stable spike activity during closed-
loop execution. Remaining lateral and vertical deviations
indicate that axis-level precision can be further improved
through better visual-state representation, smoother readout
dynamics, and closed-loop fine-tuning.

5 CONCLUSION

This paper presented a rate-decoded SNN controller for
vision-guided velocity control of an MAV. The proposed
method uses compact visual-state observations as input and
learns continuous three-axis translational velocity commands
by imitating a privileged PID expert with access to vehicle
position and velocity feedback. The SNN policy is built
with leaky integrate-and-fire spiking dynamics, where hid-
den spike activity is converted into continuous control out-
puts through spike-rate decoding. To improve learning stabil-
ity and control quality, the training objective combines axis-
weighted behavioral cloning, command-jerk regularization,
and spike-rate regularization. Experimental results demon-
strate that the learned SNN controller can reproduce the dom-
inant target-approaching behavior of the expert controller.
The vehicle is driven toward the target region, the tracking er-

Figure 5: Velocity command comparison along the x, y, and
z axes.

Figure 6: Command-jerk comparison between the expert con-
troller and the SNN controller.

ror is gradually reduced, and the overall convergence trend is
comparable to the expert reference. The spike-activity anal-
ysis further validates that the hidden spiking layer remains
active during closed-loop execution, which indicates that the
controller preserves functional spiking dynamics while pro-
ducing continuous velocity commands. Overall, the results
show that rate-decoded SNN imitation learning provides an
effective and compact control framework for vision-guided
MAV target approaching. Future work will extend the frame-
work toward attitude-aware control and richer motion-cue
representations to better handle coupled translational and ro-
tational visual dynamics, together with onboard deployment
on resource-constrained hardware.
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Decentralized PSO-Based Guidance for Multi-UAV
Wildfire Monitoring and Frontier Tracking

H. Chakraa, M. Feurgard, and M. Bronz
École Nationale de l’Aviation Civile (ENAC), Université de Toulouse, 31400 Toulouse, France.

ABSTRACT

This paper proposes a guidance framework for
adaptive navigation and coverage control in au-
tonomous Unmanned Aerial Vehicles (UAVs)
swarms operating in rapidly evolving wildfire
environments. In the navigation phase, each
UAV computes the bearing to its nearest discov-
ered frontier cell and advances along that head-
ing, with an iterative separation to prevent inter-
drone collisions. In the coverage phase, a de-
centralized Particle Swarm Optimization (PSO)
based controller searches the velocity space in-
dependently for each drone. Its fitness simulta-
neously maximizes front-line coverage, rewards
exploration of the pre-frontier region just ahead
of the fire edge, and attracts each drone to-
ward its assigned angular sector of the perime-
ter. A shared belief fire map, updated incre-
mentally through exploration, drives both fron-
tier extraction and the PSO fitness. We eval-
uate the framework with frontier and fire-body
Intersection-over-Union (IoU), sensor overlap
rate, and per-UAV decision latency. Finally, the
proposed framework was experimentally vali-
dated through real-world flight tests using a fleet
of DJI Mini 3 quadrotors.

1 INTRODUCTION

Wildfires rank among the most destructive natural dis-
asters, causing irreversible ecological damage, economic
losses, and severe threats to human lives and infrastruc-
tures [1]. The increasing frequency and intensity of wildfires
highlight the urgent need for efficient monitoring technolo-
gies. Unmanned Aerial Vehicles (UAVs) have emerged as a
promising solution, offering higher spatial and temporal res-
olution and enabling access to inaccessible terrain [2].

The central challenge is guidance in a dynamic and par-
tially observed environment. A wildfire front evolves con-
tinuously under wind, terrain, and fuel conditions [3]. Ef-
fective fleet coordination involves two complementary sub-
problems: (i) navigation, guiding drones from initial posi-
tions to the active fire, and (ii) coverage and tracking, dis-
tributing drones along the frontier boundary to maximize ob-
servability, following the propagation (see Figure 1).

Emails: {hamza.chakraa, mael.feurgard, murat.bronz}@enac.fr

Figure 1: Illustration of a wildfire monitoring scenario. UAVs
cooperatively track the evolving wildfire frontier. Each drone
observes a local region within its onboard sensor range, and
then information is constructed.

This paper addresses this problem through a unified guid-
ance framework. The proposed approach operates in two
sequential phases. In the navigation phase, each UAV is
driven toward the evolving wildfire frontier using a heading-
based controller designed for partial observability, where no
prior map of the fire is available. The swarm incrementally
builds the situation through onboard sensing, progressively
revealing the fire structure as the mission progresses. Once
sufficient proximity to the wildfire is achieved, the system
transitions to the coverage phase, where the objective shifts
from reaching the fire to spatially distributing UAVs along its
boundary. This phase is formulated as a decentralized Particle
Swarm Optimization (PSO) problem [4], enabling each UAV
to independently optimize its velocity while remaining coor-
dinated at the swarm level. PSO has been widely adopted
in UAV deployment and coverage tasks due to its balance
between computational efficiency and global search capabil-
ity [5]. A key component of this work is a frontier extrac-
tion module based on OpenCV image-processing techniques,
which continuously reconstructs the wildfire boundary from
the shared belief fire map.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work. Section 3 presents the system
overview and models. Section 4 details the multi-UAV guid-
ance strategy. Section 5 reports simulation results and field
demonstrations with DJI Mini 3 drones, and finally, Section 6
concludes.
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2 RELATED WORK

Satellite imagery and ground-based sensor networks pro-
vide large-scale coverage, but their low temporal resolution
limits real-time response [5]. UAV platforms bridge this gap
with on-demand deployment at higher spatial and temporal
resolution, including inaccessible terrains to ground person-
nel [6, 7]. Bailon-Ruiz et al. [6] introduced an early multi-
UAV replanning system for wildfire monitoring, later ex-
tended to continuous real-time perimeter tracking [8]. Hera-
cleous et al. [7] demonstrated accurate frontier reconstruction
from aerial imagery, and Seraj et al. [9] formalized coopera-
tive coverage with quality of service and safety guarantees.
Despite this progress, guidance under partial observability
(where the fire boundary must be discovered incrementally)
remains a central open challenge.

Classical Coverage Path Planning (CPP) problems as-
sume a known, static target region and produce offline tours
that guarantee complete coverage with bounded redundancy.
The wildfire setting fundamentally breaks this assumption:
the region of interest is the active fire perimeter, which is un-
known a priori, partially observable, and continuously de-
forming under wind and fuel gradients [8]. Coverage must
therefore be treated as an online dynamic problem in which
the target itself moves and grows, sensor information arrives
incrementally, and replanning occurs at every control step.
This shift, from offline CPP over a fixed map to adaptive
tracking of an evolving frontier, motivates dedicated dynamic
formulations and distinguishes wildfire guidance from con-
ventional multi-UAV area coverage.

A complementary thread frames wildfire monitoring as
an active perception problem, where agents maximize in-
formation gain about the fire state rather than cover fixed
geometric regions. Julian and Kochenderfer [10] showed
that Deep Reinforcement Learning (DRL) with information-
driven objectives can outperform geometric coverage heuris-
tics in decentralized surveillance. Wang and Bronz [11] pro-
posed a Monte Carlo Tree Search (MCTS) belief-state plan-
ner for uncertainty estimation, fire tracking, and fuel-aware
exploration. These methods show strong estimation perfor-
mance but require either large training datasets or expen-
sive online tree search. Evolutionary strategies such as Ge-
netic Algorithms [12] and PSO offer a training-free alterna-
tive that remains competitive for deployment. PSO in partic-
ular performs strongly in decentralized multi-agent settings:
its population-based search and support for multi-objective
fitness make it well-suited for online re-optimization.

To the best of our knowledge, this is the first framework to
apply per-drone decentralized PSO as a reactive velocity con-
troller for wildfire frontier coverage. Unlike prior approaches
that rely on discrete action sets [6, 8], offline distillation [11],
or trained networks [13, 14], our framework is training-free,
interpretable, and runs on a single CPU without a GPU or
pre-collected data.

3 SYSTEM OVERVIEW

3.1 Wildfire propagation model
The wildfire environment is represented by a discrete two-

dimensional grid G = {1, . . . , N}2 where each cell corre-
sponds to a spatial region of the terrain. The simulation
evolves in discrete time steps. At each time step, The fire state
is Xt ∈ [0, 1]N×N evolving with a fuel map Ft ∈ RN×N

≥0 .
Wildfire propagation follows a Cellular Automata (CA) for-
mulation on the Moore neighborhood. Full model details are
in [15]. Fire is propagated every Nf = 10 drone control
steps, yielding an effective ground-truth spread rate of ap-
proximately 0.5–1m/s, consistent with measured rates for
low-to-moderate intensity fires [8].

3.2 UAVs and observation model
We consider a fleet of M homogeneous UAVs operating

over the fire grid. Each UAV i has a planar pose p
(i)
t =

(x
(i)
t , y

(i)
t ) ∈ R2 and a heading θ(i)t ∈ (−π, π]. The sen-

sor footprint D(i)
t of drone i at time t is a square field of view

of side s cells centered at the grid projection of p(i)
t :

D(i)
t =

{
p̃ ∈ G

∣∣∣
∥∥[p̃−m2cell(p

(i)
t )
]∥∥

∞ ≤ ρ
}

(1)

where ρ = ⌊s/2⌋ is the FoV half-side in cells and
m2cell(·) denotes the coordinate transformation. Within
D

(i)
t , drone i observes the true fire state Xt(p̃).

The team maintains a single shared data structure: the be-
lief fire map X̂t ∈ [0, 1]N×N , initialized to zero. The belief
map is updated incrementally as the fleet explores: after each
control step, every cell inside the union of all drone FoV foot-
prints is overwritten with its ground-truth fire value, while
unobserved cells retain their previous belief:

X̂t+1(p̃) =




Xt(p̃) if p̃ ∈

M⋃

i=1

D(i)
t ,

X̂t(p̃) otherwise.

(2)

This update rule models the physical sensing process:
cells that no drone has yet overflown remain at their initial-
ized value while observed cells hold the most recent ground-
truth measurement. The belief frontier R̂t is extracted from
X̂t after every observation update via the OpenCV pipeline
described in Section 3.3.

3.3 Frontier extraction
The active fire frontier is extracted using a multi-step

OpenCV pipeline designed to construct the estimated fire
frontier, R̂t, from the shared belief fire map X̂t. The process
begins by smoothing isolated burning pixels and suppressing
artifacts that typically appear near the boundary. After this
initial denoising stage, fragmented fire regions created by the
blurring operation are reconnected using binary thresholding
at τ = 60 and morphological refinement. Residual artifact
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pixels are then removed using a median filter, while an accu-
mulation pass fills small holes that would otherwise generate
false interior contours.

Once a coherent fire mask has been obtained, the bound-
ary is further regularized using Gaussian blur to reduce high-
frequency irregularities before edge detection. Finally, the
active fire frontier is extracted as a thin single-pixel contour
using the Canny edge detector [16].

The resulting binary edge image Et ∈ {0, 1}N×N en-
codes detected frontier pixels, where Et(p̃) = 1 indicates an
edge and Et(p̃) = 0 indicates background. The estimated
frontier is then:

R̂t = {p̃ ∈ G | Et(p̃) = 1} (3)

The same pipeline is applied to the ground-truth fire map
to obtain Rt, used exclusively for metrics calculation (Sec-
tion 5).

4 MULTI-UAV GUIDANCE STRATEGY

Before coverage can begin, each drone must reach the ac-
tive fire frontier. The system operates under complete initial
ignorance: X̂0 = 0N×N and R̂0 = ∅, so no frontier is known
at t = 0 and drones have no prior information about the fire
location. Drones are initially dispatched to the four quadrant
centroids of the operational area. As soon as any drone’s FoV
intersects a burning region and R̂t ̸= ∅, the transition to cov-
erage occurs.

Once all UAVs have reached the frontier and the sys-
tem switches to the coverage phase, each one runs an in-
dependent PSO instance at every control step to determine
its velocity command. The only information shared between
drones is their current positions {p(j)

t }j ̸=i and the shared be-
lief map X̂t, both available to drone i. Before running the
PSO, two preliminary operations are performed: sector as-
signment, which defines the portion of the frontier that drone
i is responsible for, and the boundary check, which deter-
mines whether the PSO should run at all or whether the drone
should instead return toward its assigned region. These are
described in the following.

4.1 Sector assignment
To prevent fleet clustering, the belief frontier R̂t is par-

titioned into M equal angular sectors around its centroid f̄t.
Each frontier pixel is assigned to the sector whose angular
slice contains its bearing from f̄t, dividing the perimeter into
M arcs of equal angular width 2π/M . The sector centroid
s(i) for drone i is then the mean position of all frontier pixels
in its assigned arc:

s(i) =
1

|S(i)|
∑

q∈S(i)

q ∈ R2 (4)

where S(i) is the set of positions of frontier pixels belong-
ing to drone i’s sector, falling back to f̄t if the sector is empty.

Sector assignment is recomputed at every control step as the
belief frontier evolves. If drone i drifts farther than the effec-
tive leash radius ℓeff from s(i), the PSO is bypassed entirely
and the drone returns directly toward its sector centroid. The
leash radius adapts to the current frontier size so that drones
are allowed to move farther as the fire grows:

ℓeff = max(ℓ0, 1.4 · r̄F ) (5)

where ℓ0 is the base leash and r̄F is the mean distance
from belief frontier pixels to f̄t in metres, serving as a proxy
for the current frontier radius. A fixed leash would cause
boundary-pinning as the frontier expands: drones would be
repeatedly recalled before they can cover the outer portions
of a large perimeter.

4.2 PSO update
A population of P particles evolves over K iterations,

each particle k encoding a candidate drone velocity ξk =
(vkx, v

k
y )

⊤ constrained to the speed disc B(V ) = {v ∈
R2 | ∥v∥2 ≤ V }, which enforces a physical speed limit.
The search first updates the particles internal search velocity
νk ∈ R2:

νk+1 = w νk

+ c1r1 ⊙ (ξpbk − ξk)

+ c2r2 ⊙ (ξgb − ξk)

(6)

where ξpbk is the personal best (the highest-fitness can-
didate this particle has visited across all previous iterations)
and ξgb is the global best (the highest-fitness candidate found
by any particle in the population). r1 and r2 are independent
random vectors with each component drawn uniformly from
[0, 1] at every iteration, and⊙ denotes element-wise multipli-
cation. The second equation updates the candidate velocity
itself:

ξk+1 = projB(V )(ξk + νk+1) (7)

For temporal continuity, the population is warm-started at
every control step: 80% of particles are initialized near the
previous step’s global best ξgb with additive Gaussian noise
and the remaining 20% are sampled uniformly on B(V ). This
preserves knowledge of the previous solution while maintain-
ing sufficient exploration to escape local optima.

4.3 Fitness function
The fitness Φi is evaluated independently for each of the

P particles at every PSO iteration. For a particle k with can-
didate velocity ξk = (vkx, v

k
y )

⊤, the candidate position is:

p′
k = p

(i)
t + ξk dt ∈ R2 (8)

and its grid projection is p̃′
k. The fitness combines terms

in two coordinate spaces: the coverage terms Gi and Ei use
the grid projection p̃′

k to index into the belief map and count
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frontier pixels inside the FoV window, while the attraction
Ai, separation Ci, and boundary B terms use the world po-
sition p′

k directly, since they involve physical distances for
which the grid representation is inappropriate. The fitness
score of a particle k with candidate velocity ξk is:

Φi(ξk) = λGGi(p̃
′
k)︸ ︷︷ ︸

exclusive gain

+ λE Ei(p̃
′
k)︸ ︷︷ ︸

exploratory gain

+ λAAi(p
′
k)︸ ︷︷ ︸

sector attraction

−λC Ci(p′
k)︸ ︷︷ ︸

collisions

−λB B(p′
k)︸ ︷︷ ︸

boundary

(9)

Exclusive coverage gain Gi: This term rewards the can-
didate position for covering frontier pixels that no teammate
currently observes. The gain counts frontier pixels visible
from p′

k that no teammate sees:

Gi(p̃
′
k) =

1

s2

∣∣∣∣∣∣
D(p̃′

k) ∩ R̂t ∩


G \

⋃

j ̸=i
D(j)
t



∣∣∣∣∣∣

(10)

where | · | denotes set cardinality and D(p̃′
k) denote the

cell FoV window centered at the candidate grid position p̃′
k.

This single term is self-driving: a stationary drone exhausts
its exclusive cells and is pushed outward; entering the fire
body yields zero gain; only tangential motion along the ring
continuously reveals new exclusive cells.

Exploratory gain Ei: When the frontier is fully covered,
the exploratory gain extends each drone’s attention beyond
the current fire edge and into a pre-frontier zone Pt (the un-
burned cells that the fire has not yet reached but will reach
next). It counts the cells in Pt visible from p̃′

k that no other
UAV currently covers:

Ei(p̃
′
k) =

1

s2

∣∣∣∣∣∣
D(p̃′

k) ∩ Pt ∩


G \

⋃

j ̸=i
D(j)
t



∣∣∣∣∣∣

(11)

and the pre-frontier zone is obtained by morphological
expansion of the belief frontier followed by exclusion of
already-burning cells:

Pt =
{
p̃ ∈ G

∣∣∣ min
p̃′∈R̂t

∥p̃− p̃′∥∞ ≤ ns
}

\
(
R̂t ∪

{
p̃ ∈ G | X̂t(p̃) > 0.5

}) (12)

The expansion radius ns cells corresponds to next fire
propagation steps giving drones enough anticipatory range to
observe cells before they ignite.

Sector attraction Ai: When both Gi and Ei are zero
(which occurs when the frontier is fully covered and the pre-
frontier buffer is also saturated), the fitness Φi receives no sig-
nal from the coverage terms. In this condition, the PSO has
no basis for preferring one direction over another, and drones
may drift arbitrarily or cluster together. The sector attrac-
tion term prevents this by providing a continuous, direction-
dependent signal that pulls each drone toward its assigned
sector centroid s(i):

Ai(p
′
k) =

1

1 +
∥p′

k − s(i)∥2
D

(13)

where D is the diagonal of the operational area in meters,
used as a normalization factor.

Collision penalty Ci: This term penalizes candidate posi-
tions that would bring UAV i too close to any other one, dis-
couraging the PSO from selecting velocities that create near-
collisions. For each drone j ̸= i, the penalty is zero when
the candidate distance ∥p′

k − p
(j)
t ∥2 exceeds the minimum

separation dsep:

Ci(p
′
k) =

∑

j ̸=i

[
max

(
0, dsep − ∥p′

k − p
(j)
t ∥2

)]2
(14)

This means the penalty increases rapidly as the violation
grows. The sum over all other agents means the penalty also
scales with the number of simultaneous violations, strongly
discouraging positions where drone i would be close to mul-
tiple drones at once.

Boundary repulsion B: This term penalizes candidate po-
sitions that approach the edges of the operational area. If
drone i flies within one FoV half-width of any grid edge, part
of its sensor footprint extends outside the modeled area, wast-
ing sensing capacity. The penalty activates linearly as soon as
the candidate enters this margin along any edge and increases
toward the boundary.

Table 1: PSO fitness terms and weights

Term Symbol Weight
Individual gain Gi λG = 1.00

Exploratory gain Ei λE = 0.35

Sector attraction Ai λA = 0.40

Collision penalty Ci λC = 0.25

Boundary repulsion B λB = 0.04

Fitness weights: The five weights are summarized in Table 1.
The coverage terms Gi and Ei carry the highest weights as
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Figure 2: Simulation snapshot shown at five selected timesteps. Row 1: true fire state Xt overlaid with the ground-truth frontier
Rt (yellow). Row 2: UAV positions {p(i)

t }Mi=1 with their square FoV footprints. Row 3: shared belief map X̂t overlaid with
the belief frontier R̂t (cyan), built incrementally from FoV observations. At t = 0, the belief map is entirely dark, reflecting
complete initial ignorance X̂0 = 0. As drones overfly burning regions, observed cells are overwritten with ground-truth values
and the belief frontier grows, progressively narrowing the gap with the true frontier. The progression illustrates how the fleet
collectively reconstructs the fire perimeter through exploration alone, with no prior map of the environment.

Figure 3: Per-step metrics over 600 simulation steps (200×200 grid). (a) Frontier IoU over the full run. (b) Fire IoU, reflecting
coverage of the burning body. (c) Sensor overlap rate: low sustained value confirms efficient fleet distribution. (d) Per-drone
PSO decision latency, well within the 1 s budget.
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they are the primary drivers of cooperative behavior. The
sector attraction Ai is weighted at λA = 0.40 to maintain
distribution when coverage saturates, but also weak enough
to be overridden by large Gi or Ei.

5 RESULTS AND FIELD DEPLOYMENT

We evaluate the framework in two scenarios: a large-scale
simulation on a 200× 200 grid, with 5 UAVs and real flights
deployment on the ENAC football field with DJI Mini 3
quadrotors on a 100× 100 grid with 3 UAVs.

5.1 Simulation
Scenario: We consider a 200×200 grid (cell size ∆ = 5m,
total area 1 km2) with M = 5 UAVs operating at V = 5m/s
for simulation. Fire is ignited at the grid center and propa-
gated every Nf = 10 steps, yielding an effective spread rate
of approximately 0.5–1m/s, consistent with low to moderate
intensity fires [8]. Full parameters are listed in Table 2.

Table 2: Simulation parameters

Type Parameter Value

Environment
Grid size N ×N 200× 200

Cell resolution ∆ 5m

Fire update period Nf 10 steps

UAV
Cruise speed V 5m/s

Field of view s 10 cells

Fleet size M 5

PSO guidance

Population size P 40

Iterations K 30

Inertia weight w 0.60

Acceleration c1 = c2 1.50

Separation distance dsep 40m

Results: Figure 2 shows the evolution of the simulation
across selected timesteps. Row 1 shows the true fire state
Xt overlaid with the ground-truth frontier. Row 2 shows the
UAV positions {p(i)

t } with FoV footprints. Row 3 shows the
shared belief map X̂t with the belief frontier in cyan, built in-
crementally from FoV observations. At t = 0 the belief map
is entirely dark, reflecting complete initial ignorance X̂0 = 0.
As drones fly over the fire, observed cells are updated and the
belief frontier narrows the gap with the ground-truth frontier.

Figure 3 reports four per-step metrics over the simulation
steps. We evaluate the framework along four complemen-
tary dimensions. Frontier Intersection over Union (IoU)
measures pixel-level agreement between the belief frontier
R̂t and the ground-truth fire edge Rt; it directly quantifies
how accurately the fleet tracks the active fire boundary. Fire
IoU measures the overlap between the belief fire body X̂t

and the true burning area Xt. It reflects how well the interior
of the fire has been observed, complementing the boundary-
focused frontier IoU. Further, Sensor overlap rate is the frac-
tion of currently covered frontier pixels observed by two or
more drones simultaneously, a low value indicates that the
fleet is spatially distributed with minimal redundant sensing,
which is the goal of the sector assignment mechanism. Fi-
nally, Decision latency is the wall-clock time spent by each
drone computing its PSO velocity command, it is a direct in-
dicator of real-time feasibility on a ground station without
GPU acceleration.

5.2 Field deployment
Scenario: The framework was demonstrated on a fleet of
M = 3 DJI Mini 3 quadrotors flying on the ENAC football
field (≈ 116m× 65m). The fire environment was simulated
on a ground station using a 100×100 grid (∆ = 0.55m, with
a total area of 55m×55m), positioned as a square sub-region
centred within the rectangular field boundary, as illustrated in
Figure 4(c–d). Fire is ignited at the grid center and propa-
gated every Nf = 10 steps. Drone sensing was simulated by
the square FoV footprint D(i)

t centred on each drone’s GPS-
reported position, so the shared belief map was updated from
real flight telemetry. Velocity commands were forwarded to
the flying drones via the WildBridge interface [17], which
exposes the DJI Mobile SDK via HTTP and RTSP, follow-
ing the architecture validated in prior work [18]. Guidance
parameters for this scenario are V = 2.5m/s, s = 12 cells
(6.6m), and dsep = 15m.

Results: This setup validates the complete guidance
pipeline under real flight conditions. On the field, the nav-
igation phase was extremely short, drones encountered the
simulated fire frontier within the first few seconds of flight
and PSO coverage activated almost immediately. Figure 4
shows the drones flying on the ENAC football field during
the demonstration, the DroneViz visualization (developed in
ENAC) displays real-time drone positions, alongside a snap-
shot of the simulated fire state and the first 80 steps of GPS
trajectories. Figure 5 shows the corresponding metrics.

The small operational area plays a decisive role in the ob-
served performance. The FoV footprints collectively cover a
substantial fraction of the grid at every step, so the belief map
saturates rapidly and frontier IoU approaches unity within a
few steps. Similarly, fire IoU reaches ≈ 1.0 almost immedi-
ately since the entire burning body falls within the observable
area. These near-perfect scores therefore reflect the scale of
the deployment rather than a fundamental improvement over
the large-scale simulation.

6 CONCLUSION

In this work, we presented a multi-UAV guidance frame-
work for autonomous wildfire frontier tracking. The pro-
posed approach combines a navigation strategy with a decen-
tralized velocity-space PSO controller designed for dynamic
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(a) DroneViz: real-time positions

UAV 1

UAV 2

UAV 3

(b) Real flight: ENAC football field

ENAC field

(c) Fire state Xt at a given time

Fire Xt

Frontier Rt
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(d) GPS trajectories
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Figure 4: Field demonstration with M = 3 DJI Mini-3 quadrotors on the ENAC football field. Velocity commands from the
guidance algorithm were forwarded via WildBridge framework. The fire environment and drone sensing were simulated on the
ground station using a 100× 100 grid (∆ = 0.55m).

coverage under partial observability. The fitness function
integrates exclusive frontier gain, exploratory sensing, sec-
tor attraction, collision avoidance, and boundary-awareness
terms to promote efficient and coordinated swarm behav-
ior. In addition, the framework’s interfaces enable straight-
forward deployment on real UAV systems without additional
command translation layers. Future work will include exten-
sive comparisons with state-of-the-art planning and learning-
based approaches, robustness analyses under communication
and sensing uncertainties. Finally, an extension to support
heterogeneous teams combining fixed-wing and quadrotors
will be considered.

CODE AND DATA AVAILABILITY

Code is available at: https://github.com/
drones-fireflies/pso-guidance
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ABSTRACT

This paper addresses the distributed formation
control of N Unmanned Aerial Vehicles (UAVs)
cooperatively carrying a cable-suspended pay-
load. This is achieved using only local infor-
mation, without explicit inter-agent communica-
tion, an assignment of UAVs to predefined posi-
tions in the formation, or knowledge of the load’s
position. The key observation is that, when hov-
ering at the same altitude, the horizontal com-
ponent of the cable tension pulls each UAV to-
wards the position of the load’s planar projec-
tion, acting as a built-in cohesion term and leav-
ing the controller to supply only separation. We
realise this separation using a bounded Voronoi
tessellation-based method and derive the gain
that places the team at any desired formation ra-
dius in closed form. An equilibrium analysis
predicts the radius from the balance between the
separation force and the cable tension. This ap-
proach has been validated through simulations
and real-world flights involving four mini-UAVs.

1 INTRODUCTION
Unmanned Aerial Vehicles (UAVs) are increasingly de-

ployed for aerial transportation, from package and medi-
cal supplies delivery to the handling of construction materi-
als [1]. A single UAV, however, is limited by its own payload
capacity; deploying several UAVs to carry a common load
overcomes this limitation and yields a modular transportation
system [2].

Cooperative aerial transport has been approached along
a spectrum of coordination paradigms. Centralised schemes
compute the team’s commands from full knowledge of the
system state, achieving precise load control at the cost of a
single point of failure and limited scalability [3, 4]. Decen-
tralised schemes distribute the computation across the team,

*Email: firstname.lastname@gipsa-lab.grenoble-inp.fr
†Email: sdurand@unistra.fr

Figure 1: Experimental setup: four Parrot MAMBO
mini-UAVs cooperatively carrying a cable-suspended
load. A video of the experiments is available at
youtu.be/fomDca2OPEA.

typically relying on inter-agent communication to maintain a
predefined geometric formation [5, 6, 7]. Fully decentralised,
communication-free approaches remove this dependency, but
it typically relies on tension-based control, which is sensitive
to tension estimation errors [8, 9].

A recurring requirement across these methods is that the
formation geometry is fixed in advance, either through a ref-
erence assigned to each agent or through prescribed inter-
agent distances over a rigid graph [10]. Such a predefined
assignment couples each UAV to specific partners and must
be designed and certified before deployment. This motivates
a complementary question: can a regular formation emerge
from local interactions alone, without assigning UAVs to for-
mation slots and without communicating absolute or relative
references?

This question is naturally framed in terms of flocking.
The control of a UAV swarm from local sensing is classically
posed as the combination of three behaviours [11]: cohe-
sion, separation, and alignment, of which cohesion and sepa-
ration are the two that shape the formation geometry. Cohe-
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sion draws the agents together, while separation spreads them
apart; their balance sets the spacing of the team. The key ob-
servation of this work is that, in a formation of UAVs with a
cable-suspended load, cohesion need not be generated by the
controller at all. The horizontal component of the cable ten-
sion pulls every UAV toward the common load point, acting
as a built-in cohesion term that requires neither measurement
nor communication. The controller is then left to supply only
separation behavior.

For the separation behaviour, we draw on the coverage
literature, where teams of agents are distributed over a re-
gion by spreading out to maximise sensing area while avoid-
ing overlaps and blind spots. This is frequently addressed
with spatial partitioning methods such as Voronoi tessella-
tions [12], in which each agent is responsible for the region
around its own position, and which operates under restricted
sensing ranges to ensure decentralised, collision-free coordi-
nation [13, 14, 15]. We adopt a Bounded Voronoi Tessella-
tion (BVT) introduced in [15] as the separation mechanism:
it enforces inter-agent avoidance using only local relative po-
sitions, without online optimisation and without a predefined
configuration. Combined with the tension-supplied cohesion,
it yields an evenly spaced circular formation that emerges
from local sensing, without communication, without prede-
fined formation position assignments, and without knowledge
of the load position.

The contributions of this paper are threefold. First, we
identify and formalise, through an equilibrium analysis of
the coupled UAV-load system, the horizontal cable tension
as a built-in cohesion term. Second, we design a bounded-
Voronoi separation law with a closed-form gain that places
the formation at any desired radius, and we analyse the ra-
dial stability of the resulting equilibrium. Third, we validate
the approach in simulation and in real flights with a team of
Parrot MAMBO mini-UAVs.

2 PROBLEM FORMULATION

Consider a group of N identical UAVs of mass m coop-
eratively carrying a point-mass payload of mass mL. UAV
i is located at pi ∈ R3 and connected to the payload at
pL ∈ R3 by a taut, massless cable of fixed length l > 0.
Let ξi = pL−pi

∥pL−pi∥ be the unit vector pointing from UAV
i toward the payload for each i ∈ {1, . . . , N}. The taut ca-
ble exerts on UAV i a tension force Ti = Ti ξi of magnitude
Ti = ∥Ti∥ ≥ 0, pulling it toward the load; by reaction, the
cable pulls the load toward UAV i. Each UAV carries a lo-
cal sensor that estimates the relative position of neighbours
within a sensing radius R (see Figure 2).

Figure 2: Overview of the cooperative load carrying system.
Left: N UAVs cooperatively hover while suspending a point-
mass load via taut cables of length l, where unit vectors ξi
and tensions Ti are shown in the world frame FW . Right:
each UAV senses the relative positions of neighbours within
its sensing radius R.

2.1 System Dynamics
The simplified translational dynamics of UAV i and the

payload are [9]:

m v̇i = Fi −mg zW + Ti, (1)

mL p̈L = Tres −mLg zW , Tres :=

N∑

i=1

−Ti ξi, (2)

where vi = ṗi, Fi ∈ R3 is the combined motor thrust ex-
pressed in the world frame FW = [xW ,yW , zW ], where
zW = [0, 0, 1]⊤ is the world vertical axis (opposing gravity),
and g is gravitational acceleration. The load is driven by the
resultant cable force Tres, since each cable pulls it toward the
corresponding UAV (along the direction −ξi). We assume a
low-level attitude control loop such that the thrust direction
tracks its reference sufficiently fast.

2.2 Interaction Graph
The interaction of the team is described by a graph G :=

(U , E), where U = {1, . . . , N} is the set of vertices repre-
senting the robots (UAVs) and E ⊂ {(i, j) ∈ U × U : i ̸= j}
the set of edges (sensing links). G is connected if a path joins
any two vertices. The neighbour set of robot i within a sens-
ing radius R is defined by NR

i := { j ∈ U : (i, j) ∈ E }. We
assume the sensing radius R is large enough that G remains
connected throughout the mission .

2.3 Control Objective
With a view to equally distribute the load among the N

UAVs, our objective is to stabilise the group of UAVs to an
evenly spaced planar circular formation at a desired altitude
zdes in a distributed manner, using only limited-range local
sensing: without a predefined position assignment, and with-
out knowledge of the load position pL. This objective con-
cerns only the geometry of the formation and involves no
global reference: the absolute positions of the group and of
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the load are left unconstrained, so the team may drift as a
whole while the formation converges. Steering the load along
a desired trajectory under the same sensing constraints is be-
yond the scope of this paper.

The analysis and the control design rely on the following
assumptions: (A1) the cables are massless, inextensible, of
identical known length l, attached to the load at a common
point, and remain taut throughout the flight; (A2) all UAVs
regulate the same altitude zdes, so the formation evolves in a
horizontal plane above the load; (A3) the UAVs are identical,
and m, mL, l, N and g are known to each of them; (A4) each
UAV measures the relative positions of its neighbours within
the sensing radius R, together with its own position, velocity
and altitude, with no inter-agent communication and no mea-
surement of pL or of the tensions Ti; (A5) R is large enough
for the sensing graph G to remain connected throughout the
mission; (A6) a low-level attitude controller tracks the com-
manded thrust direction sufficiently fast, so the thrust vector
Fi is treated as the control input.

3 CONTROL STRATEGY

As introduced in Section 1, cohesion and separation are
the two flocking behaviours that shape the formation geome-
try. The key observation of this work is that, in cooperative
hovering with a cable-suspended load, cohesion is supplied
by physics rather than by control. For a team hovering at a
desired altitude zdes, the X–Y projection of the tension act-
ing on UAV i is

T xy
i = Ti

pxyL − pxyi
∥pL − pi∥

, (3)

i.e., a force directed from pxyi toward the X − Y load posi-
tion pxyL , where the (·)xy superscript represents the X and
Y components of the vector. Since all cables meet at the
common load point and remain taut under the load’s weight
(hence ∥pL − pi∥ = l), every UAV is pulled toward a sin-
gle shared point: the formation centre. Structurally, (3) is a
consensus term on the horizontal positions, realised for free
by the physical coupling rather than by inter-agent communi-
cation. Cohesion is thus inherent to the system, and the con-
troller needs only supply separation, for which we propose
the Bounded Voronoi Tessellation (BVT) method.

3.1 Separation Mechanism based on Voronoi Tessellation
In the BVT, each Voronoi region is enclosed within a

‘bubble’ (Figure 3). First, the method establishes the set of
detected neighbours NR

i , within a sensing radius R centered
at robot i. A Voronoi tessellation is then computed from the
relative positions of the detected neighbours, partitioning the
plane according to proximity. The Voronoi region of robot i
is defined as follows:

Vi = {q ∈ R2 : ∥q− pi∥ ≤ ∥q− pj∥ , ∀j ∈ NR
i }, (4)

i.e., it represents the set of points closer to pi than to any
other detected neighbour. We define a bubble centered on the
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Figure 3: Bubble-based Voronoi tessellation.

Bounded Voronoi
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Controller 

Altitude controller

Control Input
Mapping

Load

UAV 
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UAV 

Figure 4: Control architecture. For each UAV i, the separa-
tion controller computes the horizontal force F xy

i from the
relative neighbour positions within the sensing radius R, and
a PID altitude controller regulates the altitude via F zi . The
resultant thrust Fi is then mapped to the UAV control inputs
(tilt angles and thrust magnitude).

position of robot i, such that

Bi = {q ∈ R2 : ∥q− pi∥ ≤ rv}, (5)

where rv > 0 is the bubble radius, which serves as the bound-
ary for the Voronoi cell. Consequently, the safe bounded
Voronoi region of each robot is the intersection of its Voronoi
region with its bubble, such that

V BV Ti = Vi ∩ Bi, (6)

and the centroid of each cell V BV Ti is defined as

ci =

∫
V BV T
i

q ρ(q) dq
∫
V BV T
i

ρ(q) dq
, (7)

where ρ(·) is a density function, set to a uniform ρ ≡ 1 in this
study [16, 14].

Since the centroid represents the most isolated point
within V BV Ti with respect to its neighboring cells, driving
UAV toward its cell centroid, pxyi → ci, naturally promotes
separation among agents. The corresponding control law
used to achieved this behavior is presented in the following
section.

3.2 Control Input Design
As stated in Section 2.1, we assume direct control over the

thrust vector inFW . The overall control architecture is shown
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in Figure 4. First, we regulate the altitude of each UAV with
a standard PID controller acting on the altitude error, which
sets the Z component of the thrust F zi . Then, we compute the
horizontal thrust F xy

i with a PD-like law that draws the UAV
toward its Voronoi centroid ci, using the BVT approach as
follows:

F xy
i = m (Ks(ci − pxyi )−Kd ṗ

xy
i ) , (8)

where ci is the centroid of the UAV’s Voronoi cell computed
in (7), and Ks,Kd are the separation and velocity-damping
control gains, respectively.

Since the separation force and the horizontal tension op-
pose each other, the UAV does not converge to the centroid
ci but at an equilibrium where the two forces balance, i.e.,
∥F xy

i ∥ = ∥T xy
i ∥. We analyse this equilibrium and designKs

to achieve a desired formation radius in the following section.

4 EQUILIBRIUM FORCE ANALYSIS AND FORMATION
SHAPING

The equilibrium formation arises from the radial balance,
in theX–Y plane, between the projection of the thrust and the
projection of the cable tension (see Figure 5). Since the cables
of identical length l are assumed to stay taut, every UAV is
equidistant from the load, fixing a common formation radius
rc about the origin O = pxyL . Assuming that the team is
initialised close to a symmetric circular configuration around
the load, the separation mechanism in turn spreads the UAVs
evenly, yielding a uniform circular formation. The tension is
fixed by the physical cable parameters, the load mass, and the
number of agents; hence, for a desired formation radius r⋆c ,
the design goal is to choose a separation gain Ks that yields
rc = r⋆c .

4.1 Cable Tension in Uniform Circular Formation
At an equilibrium uniform circular formation, each UAV

carries a share mLg/N of the payload weight, and the hori-
zontal component of the cable tension is [9]

∥T xy
i (rc)∥ =

mLg

N

rc√
l2 − r2c

, (9)

which pulls the UAV towards O and diverges as rc → l, en-
forcing the cable-length constraint.

4.2 Equilibrium Separation Force
For a stationary symmetric circular formation with ṗxyi =

0, the damping term in (8) drops out and the separation force
reduces to

Fxyi = mKs(ci − pxyi ), (10)

directed radially outward. By symmetry, the centroid ci lies
on the radial axis through pxyi ; let ci(rc) := ∥ci−O∥ denote
its distance from the load centre O. The separation force then
has magnitude mKs σ(rc), where

σ(rc) = ci(rc)− rc > 0 (11)

Figure 5: Decomposition of the Voronoi cells at equilibrium.

is the radial offset between UAV i and the centroid of its
bounded Voronoi cell.

We evaluate ci(rc) in the operating regime rv > rc, i.e.,
the bubble radius exceeds the formation radius. As described
in Fig. 5, at the symmetric equilibrium, each pair of adjacent
neighbours is equidistant from O, so their bisectors meet ex-
actly at O. Each Voronoi cell is then bounded by two straight
edges originating at O, with angle αi = 2π/N and by the
disk arc of radius rv . Let E±

i be the points where the bisec-
tors exit the disk. The equilibrium Voronoi cell V BV T⋆i ad-
mits an exact decomposition into two triangles △O pxyi E+

i

and △O pxyi E−
i , plus a circular sector S(pxyi , rv, 2βi) of

radius rv centred at pxyi and spanning the angle 2β:

V BV T⋆i = △Opxyi E
+
i ∪ △Opxyi E

−
i ∪ S(pxyi , rv, 2βi).

(12)
To obtain the area of the cell, we compute the angle γ
(see Figure 5) by applying the law of sines in the triangle
Opxyi E

+
i , with the angle αi/2 at O opposite the side rv and

angle γi opposite the side rc. The sector half-angle βi and the
triangle side Qi = |OE±

i | are then

γi = arcsin

(
rc sin(π/N)

rv

)
, (13)

βi =
π

N
+ γi, (14)

Qi = rc cos
π

N
+

√
r2v − r2c sin2

π

N
. (15)

The two triangles and the circular sector have the following
area and centroid distance from O:

piece area centroid from O

triangle rcQi sin(π/N)
rc +Qi cos(π/N)

3

sector r2v βi rc +
2rv sinβi

3βi

(16)

The area-weighted centroid distance from O is therefore

ci(rc) =
rcQi sin

π
N

· rc+Qi cos(π/N)
3

+ r2vβ
(
rc +

2rv sin βi
3βi

)

rcQi sin
π
N

+ r2vβi
(17)
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which, together with (11), fixes the equilibrium offset σ(rc)
entering the control law.

4.3 Equilibrium Condition and Gain Design
The steady-state radial balance equates the outward sepa-

ration force to the inward tension at v̇i = 0:

∥F xy
i ∥ = ∥T xy

i (rc)∥
mKs σ(rc) =

mLg

N

rc√
l2 − r2c

. (18)

To achieve a desired circular formation of radius r⋆c , we solve
(18) for the separation gain,

Ks =
mLg

mN

r⋆c√
l2 − (r⋆c )

2

1

σ(r⋆c )
. (19)

The balance (18) admits a single equilibrium radius. As rc
grows, the tension term (9) increases monotonically and di-
verges at rc = l, while the separation offset σ(rc) decreases
as the cell spreads wider, and its centroid is drawn inward.
The two curves therefore cross exactly once, and the crossing
is stable: an outward perturbation raises the tension and low-
ers the separation, restoring the UAV inward, and vice versa,
so the formation self-regulates to a single radius without ex-
plicit radius feedback.

4.4 Stability of the Equilibrium Formation
The equilibrium has two independent modes: the forma-

tion radius and the angular spacing of the UAVs. This work
focuses on the radial mode, which the gain design (19) di-
rectly shapes; the angular spacing is a consequence of the
separation mechanism, as discussed below.

At fixed angular positions, each UAV moves radially
under the balance between the outward separation force
mKs σ(rc) and the inward horizontal tension ∥T xy

i (rc)∥. As
rc increases, the tension (9) grows steadily and diverges at
rc = l, while the separation offset σ(rc) decreases as the
Voronoi cell spreads wider and its centroid is drawn inward.
The two terms therefore intersect at a single radius, the de-
signed r⋆c of (19), and this intersection is stable: an out-
ward perturbation raises the tension and lowers the separa-
tion, pulling the UAV back inward, while an inward perturba-
tion does the reverse. The velocity damping term −mKdṗ

xy
i

in (8) damps the resulting radial motion, so the formation self-
regulates to r⋆c without explicit radius feedback.

The angular spacing is handled by the same separation
mechanism: when αi ̸= 2π/N , the Voronoi cell centroid ci
has a tangential component that drives the UAV toward the
wider gap, so equal angular spacing αi = 2π/N is the con-
figuration in which this component vanishes. The formation
orientation about zW remains free, as no UAV measures an
absolute angle. Accordingly, the experimental analysis that
follows evaluates the radial behaviour through the formation
radius r̂c, and does not separately characterise the angular
spacing.

5 SIMULATION AND EXPERIMENTAL RESULTS

This section presents both the simulation and the experi-
mental results of our Bounded Voronoi-based formation con-
trol approach.

As mentioned in Section 4, to start the controller near
equilibrium and avoid a local minimum where one UAV ends
up at the centre of the formation [15] (which slackens its ca-
ble), the UAVs first take off and hover on a predefined circular
formation of radius 0.6 m above the load using a standard PID
position controller. The position controller is then switched
off and replaced by the proposed Voronoi-based separation
controller (8), whose gain Ks is computed from (19) for the
desired radius r⋆c . No position reference is given after the
switch: the formation expands or contracts purely under the
balance between the separation force and the cable tension,
and it is stabilised at the desired equilibrium radius.

5.1 Control Input Mapping
The designed control input throughout the paper has been

the thrust vector Fi. For our mini-UAVs, however, the actual
control inputs to each UAV are the tilt angles (roll ϕi, pitch
θi, and yaw ψi) together with the thrust magnitude fi. Since
yaw can be managed separately, we assume without loss of
generality that ψi = 0 for all UAVs. The control input Ui =
[ϕi, θi, ψi, fi]

⊤ is then retrieved by decomposing Fi into a
thrust magnitude and tilt angles. Adopting the Z–Y –X Euler
convention, in which UAV i executes the rotations ψi, θi, ϕi
in turn, gives

ϕi = atan2

(
F yi ,

√
F zi

2 + F xi
2

)
(20)

θi = atan2(F xi , F
z
i ) (21)

fi = ∥Fi∥, (22)

where atan2 is the two-argument arc-tangent function.

5.2 Formation Radius Estimation
In real experiments, the UAVs may converge to uneven

angular spacing around the circle; we therefore estimate the
formation radius as the mean radial distance to the load cen-
tre, which is insensitive to how the UAVs are distributed
around it. As established in Section 4, the relevant radius
is the offset from the load centre O = pxyL , so we use the
load position provided by the motion-capture system (only
for evaluation, not in the control loop) and compute the indi-
vidual radii ri(t) for each UAV

ri(t) = ∥pxyi (t)− pxyL (t)∥, (23)

and the estimated circular formation radius

r̂c(t) =
1

N

N∑

i=1

∥∥pxyi (t)− pxyL (t)
∥∥. (24)

The steady-state accuracy is then quantified by the root-
mean-square (RMS) error between the estimated and the de-
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sired radius,

eRMS =

√√√√ 1

M

∑

tk∈[t1, t2]

(
r̂c(tk)− r⋆c

)2
, (25)

where [t1, t2] is a steady-state window and M is the number
of motion-capture samples it contains.

5.3 Simulation results
To test the proposed control approach in simulation, we

use a Matlab/Simulink simulator that includes a realistic
model of the Parrot MAMBO mini-UAVs, with the full non-
linear dynamics and the experimentally identified closed-loop
angle and thrust dynamics from [9]. The cables are modelled
as rigid, massless bars that transmit force between each UAV
and the load.

To validate the closed-form gain design (19), we
simulate the system for several desired radii r⋆c ∈
{0.5, 0.6, 0.7, 0.8, 0.9, 1.0} m; from (19), the corre-
sponding separation gain for each case is recomputed as
Ks ∈ {0.4835, 0.6261, 0.7961, 1.0037, 1.2639, 1.6018}.
The simulated team consists of N = 5 UAVs of mass
m = 78.5 g cooperatively carrying a point-mass load of
mL = 50 g through identical cables of length l = 1.5 m.
The bubble radius is set to rv = 1.8 m and the sensing radius
to R = 2.8 m.

Figure 6 shows the time evolution of the estimated for-
mation radius r̂c (24) for each desired radius. During the
first phase (t = 0–10 s) the PID position controller holds
the team on the 0.6 m hovering circle; at the switch the for-
mation expands or contracts purely under the imbalance be-
tween the separation force and the cable tension, and settles
at the designed radius. The realised steady-state radius ex-
actly matches the design value across all tests, confirming
that the equilibrium analysis of Section 4 correctly predicts
the closed-loop geometry.

5.4 Real-World Experiments
For the real-world experiments, we use a set of Par-

rot MAMBO mini-UAVs in a flight arena equipped with a
motion-capture (MoCap) system. The decentralised control
strategy is emulated within a centralised Matlab/Simulink
framework. While the MoCap system provides global posi-
tion measurements for all UAVs, local sensing is reproduced
by constructing an individual neighbor set for each agent.
Specifically, for UAV i, only agents whose distance to UAV
i is less than or equal to the sensing radius R are included
in its neighborhood and used in the control-law evaluation.
Each UAV also has access to its own position and velocity
estimates. The computed control inputs are then transmitted
to each UAV over a Bluetooth link.

The experimental platform consists of N = 4 Parrot
MAMBO mini-UAVs attached to a common point-mass load
of mL = 33.5 g by cables of identical length l = 1.4 m (see
Figure 1). The sensing radius is set to R = 3 m, the bubble

PID controller Voronoi

Figure 6: Simulation with N = 5 UAVs: estimated forma-
tion radius r̂c (24) for six desired radii r⋆c ∈ {0.5, . . . , 1.0}m
(solid), with the corresponding references (dotted). The
shaded regions mark the PID hovering phase and the pro-
posed Voronoi-based controller.

radius to rv = 1.5 m, and the separation gain Ks = 1.0423
computed from (19) for the desired radius r⋆c = 0.7 m.

The experiment is divided into three phases, marked by
the shaded regions in Figure 7. First (0–7 s), the four UAVs
take off freely from the ground. Second (7–15 s), they lift
the load and hover on a circle of radius 0.6 m at the desired
altitude using a PID position controller; the cables become
taut and the load is airborne by the end of this phase. Once
the load is airborne, the horizontal tension component (3) acts
on each UAV as an inward disturbance that the position con-
troller does not compensate perfectly, so the realised hovering
radius settles below the commanded 0.6 m circle (visible in
Figure 7 before t = 15 s); the same effect appears in the sim-
ulation of Figure 6. This residual offset is a manifestation
of the tension-supplied cohesion exploited by the proposed
approach. Third (from t = 15 s), the position controller is
switched off and replaced by the Voronoi-based separation
controller (8), and the formation is left to self-regulate with
no position reference and no knowledge of the load position.
Since the designed equilibrium radius exceeds the hovering
one, the switch produces a visible expansion of the formation,
driven only by the imbalance between the centroid offset and
the cable tension.

5.5 Analysis of the Results
Figure 7 shows the time evolution of the estimated radius

r̂c from (24) together with the individual radii ri from (23).
After the switch at t = 15 s, the formation expands from the
hovering configuration and converges to the designed radius
with no position reference, settling at a mean of r̂c = 0.690 m
over the window t = 22–32 s, with an RMS error of 2.0 cm
with respect to r⋆c = 0.7 m, i.e. 2.8% of the desired radius,
reached purely through the balance between the cable tension
and the Voronoi-based separation. The mean radius there-
fore matches the design value closely, while the individual
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Take-off Lift-off (PID) Voronoi

Figure 7: Experiment with 4 Parrot MAMBO mini-UAVs for
r⋆c = 0.7 m: estimated formation radius r̂c (24) (solid black),
individual radii ri (thin), and desired radius (dashed). The
shaded regions mark the three phases: free take-off, lift-off
with the load under the PID position controller, and the pro-
posed Voronoi-based controller. The square markers indicate
the snapshot instants t1 and t2 of Figure 8.

radii differ from one another: under taut cables at a com-
mon altitude, ri =

√
l2 − h2i with hi the height of UAV

i above the load, so the imperfect altitude tracking of each
UAV causes a radial offset. The spread of the individual
radii ri around r̂c also reflects the angle biases of the UAVs,
whose realised tilt angles differ from the commanded ones,
θreal = θcommand+θbias, together with hardware differences
such as battery health and propeller wear.

Figure 8 gives the corresponding top view through two
formation snapshots. At t1 = 14 s, just before the switch,
the UAVs maintain the predefined 0.6 m circle under the PID
position controller; at t2 = 28 s, after convergence of the
Voronoi-based controller, the formation has expanded to the
designed radius r⋆c = 0.7 m, driven only by the tension–
separation balance. The UAVs do not form a perfectly uni-
form circle due to the differing biases of each UAV.

6 CONCLUSIONS

This paper presents a distributed strategy for cooperative
hovering cable-suspended payload by N UAVs, in which the
team self-organises into an evenly spaced circular formation
using only local sensing. The key finding is that the horizon-
tal component of the cable tension acts as a built-in cohesion
term, meaning that the controller only needs to supply sep-
aration. This was achieved using a bounded Voronoi-based
controller with a closed-form gain that positions the forma-
tion at any desired radius.

This approach was validated through simulations and
real-world flights involving four Parrot MAMBO mini-UAVs.
In these experiments, the team converged to the designed ra-
dius with an RMS error of 2.8%, without any position refer-
ence, predefined assignment or knowledge of the load posi-

Figure 8: Top view of the experiment with 4 Parrot MAMBO
UAVs at two instants: t1 = 14 s, the predefined 0.6 m hov-
ering circle under the PID controller (just before the switch),
and t2 = 28 s, the expanded formation under the Voronoi-
based controller, near the designed radius r⋆c = 0.7 m. The
star marks the load centre O.

tion. The main limitations are twofold. First, the controller
contains no global objective, so the absolute position of the
group is unconstrained and the team drifts as a whole. Sec-
ond, the gain design in (19) requires knowledge of the load
mass mL and the number of agents N . Building upon the
payload-carrying framework presented in this work, future
research will focus on analysing the stability of the forma-
tion during motion and extending the approach to the payload
transportation problem. Furthermore, distributed estimation
techniques will be developed to infer the load mass and the
number of agents online using only local measurements.
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A Structure-Aware Reactive Motion Planner for
Autonomous Nano-UAV Navigation in Confined 3D

Tunnels Using Minimal Range Sensing
Abner Asignacion Jr*, and Satoshi Suzuki

Chiba University, Japan

ABSTRACT

Inspection of confined tunnel environments re-
mains challenging for small robotic platforms.
While snake and soft robots can operate in
highly constrained spaces, their effectiveness de-
grades in long, elevated, and vertically struc-
tured tunnels. Micro- and nano-UAVs of-
fer a compelling alternative, but their deploy-
ment is severely constrained by limited sens-
ing and onboard computation, rendering map-
based planning impractical. This paper presents
an autonomous structure-aware motion planning
(SAMP) strategy for nano-UAV navigation in
narrow tunnels using only sparse range sens-
ing. The proposed method explicitly exploits
short-horizon structural regularities in the sensed
environment. A wall-extended local referenc-
ing mechanism is introduced to construct a vir-
tual target ahead of the vehicle, enabling antic-
ipatory motion while preserving a fully reactive
and lightweight formulation. The approach re-
quires no mapping, memory, or global optimiza-
tion, making it suitable for resource-constrained
aerial platforms. Extensive simulations and real-
world experiments using a nano-UAV in modu-
lar tunnel environments demonstrate that SAMP
achieves significantly improved traversal robust-
ness compared to representative reactive base-
lines, particularly in scenarios involving horizon-
tal–vertical transitions and complex junctions.

1 INTRODUCTION

Unmanned aerial vehicles (UAVs) have become widely-
used for inspection and exploration in environments that are
hazardous, inaccessible, or structurally complex. In partic-
ular, confined infrastructures such as tunnels, ducts, chim-
neys, and underground facilities present strong application
demands for autonomous inspection [1, 2, 3, 4]. While
ground-based platforms such as snake robots and soft robots
can effectively traverse highly constrained spaces [5, 6, 7],
their deployment becomes increasingly limited in long, ele-
vated, and vertically structured tunnel networks. In contrast,

*Email address(es): abner asignacion@chiba-u.jp

micro- and nano-UAVs offer superior mobility and the abil-
ity to access multi-level structures, making them promising
candidates for confined-space inspection.

Despite this potential, autonomous navigation of nano-
UAVs in narrow tunnels remains fundamentally challenging.
The severe size constraints of these platforms limit both sens-
ing and onboard computation, often restricting the available
perception to sparse range measurements and lightweight op-
tical flow. At the same time, confined environments impose
tight geometric constraints and complex aerodynamic inter-
actions, including ground, ceiling, and wall effects, which
significantly influence flight stability [8, 9]. These fac-
tors render conventional navigation pipelines impractical for
nano-UAV systems, typically based on mapping, localization,
and global planning.

Existing motion planning approaches in robotics, such as
graph-based search, model predictive control, and map-based
local planning, generally rely on dense sensing and compu-
tational resources [10, 11, 12, 13, 14, 15, 16]. While such
methods have demonstrated success in larger UAV platforms,
they are not directly applicable to resource-constrained nano-
UAVs. Recent works have explored lightweight naviga-
tion strategies using minimal sensing, including optical-flow-
based control and reactive obstacle avoidance [17, 18]. Re-
active methods such as Bug algorithms and wall-following
strategies offer computational simplicity, but they are in-
herently myopic, relying on immediate obstacle interactions
without exploiting higher-level environmental structure. As a
result, their performance degrades in tunnel environments in-
volving junctions, vertical transitions, or extended corridors.

This paper argues that confined environments such as tun-
nels exhibit implicit structural regularities that can be ex-
ploited even under minimal sensing. Unlike general unstruc-
tured environments, tunnel-like spaces possess locally consis-
tent geometric patterns (e.g., corridor continuity, wall align-
ment, and directional openings) that can provide navigational
cues beyond instantaneous obstacle avoidance. However, ex-
isting lightweight planners largely fail to incorporate such
structural information in a computationally efficient manner.

To address this gap, we propose a Structure-Aware Mo-
tion Planning (SAMP) strategy for nano-UAV navigation in
confined environments using only sparse range sensing. The
key idea is to introduce a short-horizon geometric interpreta-
tion of the environment by constructing a wall-extended local
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reference ahead of the vehicle. This virtual reference point
acts as a directional guide, enabling anticipatory motion while
maintaining a fully reactive and lightweight formulation. Un-
like conventional approaches that rely on wall contact, cen-
terline balancing, or cautious probing, the proposed method
explicitly leverages local structural cues to improve naviga-
tion consistency and robustness.

The proposed planner operates without mapping, mem-
ory, or global optimization, making it suitable for platforms
with strict sensing and computational constraints. To evalu-
ate its effectiveness, we conduct comparative simulation stud-
ies against other known motion planners. Validation is per-
formed through both simulations and real-world experiments
using a nano-UAV platform equipped with optical flow and
multiranger sensors in modular tunnel environments with hor-
izontal and vertical segments.

The main contributions of this work are summarized as
follows:

• A novel structure-aware reactive motion planning
framework for nano-UAVs operating under minimal
sensing constraints.

• A wall-extended local referencing mechanism that
enables anticipatory navigation without requiring map-
ping or global state estimation.

• A systematic comparative evaluation in confined tun-
nel environments, including real-world validation.

The remainder of this paper is organized as follows. Sec-
tion II presents the proposed structure-aware motion planning
method. Section III describes the simulation setup and eval-
uation framework. Section IV presents experimental results
and discussion.

2 METHODOLOGY

We propose a Structure-Aware Motion Planning (SAMP)
framework for nano-UAV navigation in confined tunnel en-
vironments using minimal range sensing. The approach is
designed to operate under strict sensing and computational
constraints, without relying on mapping, memory, or global
optimization.

The key idea is to exploit short-horizon structural regu-
larities in tunnel-like environments by constructing a local
geometric reference ahead of the vehicle. This enables antic-
ipatory motion while preserving a fully reactive formulation.
The planner operates in two main components: (i) a structure-
aware local planner based on wall-extended referencing, and
(ii) a mode-switching framework for handling mixed horizon-
tal and vertical tunnel geometries.

2.1 Structure-Aware Local Planning
Unlike conventional reactive methods such as wall fol-

lowing or centerline balancing, the proposed SAMP explic-
itly interprets the local corridor geometry to guide motion.

Instead of reacting only to instantaneous obstacle measure-
ments, the planner constructs a short-horizon virtual refer-
ence point (carrot point) ahead of the vehicle.

2.1.1 Frontal Structure Evaluation

To determine whether the local environment exhibits suffi-
cient structural regularity, the controller evaluates the tem-
poral consistency of forward range measurements. Let
{r(i)F }Ni=1 denote the recent forward measurements. Their
mean and standard deviation are computed as

r̄F =
1

N

N∑

i=1

r
(i)
F , σrF =

√√√√ 1

N − 1

N∑

i=1

(
r
(i)
F − r̄F

)2
.

(1)
A structure-aware mode is activated when the forward ob-

stacle is both within a relevant range and temporally stable:

dsafe + δ < r̄F < rmax, σrF < σth. (2)

This condition ensures that the detected corridor geome-
try is sufficiently consistent to support short-horizon extrapo-
lation.

2.1.2 Wall-Extended Local Reference

Once activated, the planner constructs a local reference point
ahead of the UAV. The forward extent is defined as

Γ = clip(rF − dstop, 0, Γmax), (3)

while the lateral offset is determined by the imbalance be-
tween left and right wall distances:

yc = ky(rL − rR). (4)

The resulting carrot point is given by

(xc, yc) = (Γ, yc). (5)

This construction can be interpreted as a short-horizon ex-
tension of the corridor geometry, enabling the UAV to steer
toward an anticipated free-space direction rather than reacting
purely to local measurements.

The desired heading toward the carrot point is computed
as

ψ = tan−1

(
yc

max(xc, ε)

)
, (6)

and the planar velocity commands are defined as

vx = v cosψ, vy = v sinψ, (7)

with speed
v = clip(kcxc, 0, vnom). (8)

The yaw rate aligns the vehicle with the reference direc-
tion:

ωz = clip(kψψ, −ωmax, ωmax). (9)

This formulation enables smooth, anticipatory motion
while maintaining computational simplicity.
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2.1.3 Fallback and Safety Behavior

When the forward structure is not sufficiently stable, the plan-
ner reverts to a simpler reactive strategy based on forward
clearance and lateral centering. Additionally, velocity com-
mands are modulated based on proximity to obstacles:

vx ← min(vx, vslow), if rF < dslow. (10)

All commands are further constrained by instantaneous
safety envelopes derived from current range measurements,
ensuring collision avoidance under all conditions.

2.1.4 Mode Switching for Vertical Tunnels

To enable navigation in tunnels with vertical shafts, the pro-
posed method extends the same structure-aware logic through
a mode-switching and virtual frame formulation. The planner
operates in three modes: horizontal (H), ascending (ASC),
and descending (DESC). Transitions are triggered based on
the availability of free space. For example, ascent is selected
when forward motion is constrained while sufficient upward
clearance exists:

rF < dturn, rU > dopen. (11)

Similarly, descent is selected when downward clearance
dominates. Transitions back to horizontal motion occur when
vertical motion becomes constrained and horizontal openings
reappear.

A key component of the proposed framework is the use
of a virtual navigation frame. Regardless of the active mode,
the progress direction is always treated as a virtual forward
direction:

(rF , rB , rL, rR) =





(r0F , r
0
B , r

0
L, r

0
R), H,

(r0U , r
0
D, r

0
L, r

0
R), ASC,

(r0D, r
0
U , r

0
L, r

0
R), DESC.

(12)

This allows the same structure-aware planning logic to be
reused across horizontal and vertical motion without modi-
fication.

The computed velocity commands are mapped back to the
physical frame by swapping the progress axis:

(vx, vz) =





(vnom, v
alt
z ), H,

(valtz , +vnom), ASC,
(valtz , −vnom), DESC.

(13)

Safety constraints are enforced in the physical frame to
guarantee collision avoidance.

The proposed SAMP framework combines reactive con-
trol with short-horizon structural reasoning, enabling robust
navigation in confined environments using minimal sens-
ing. By integrating wall-extended referencing with virtual
frame remapping, the method achieves consistent perfor-
mance across complex tunnel geometries while maintaining
low computational cost.

Table 1: Control parameters used in both simulation and ex-
periment.

Parameter Symbol Value
Forward gain kx 1.2
Lateral gain ky 1.8
Vertical gain kz 1.5

Yaw gain kω 0.9
Nominal velocity vnom 0.16 m/s

Maximum velocity vmax 0.25 m/s
Maximum yaw rate ωmax 1.2 rad/s

Creep velocity vcreep 0.06 m/s
Stop threshold dstop 0.18 m
Turn threshold dturn 0.24 m

Slowdown threshold dslow 0.36 m
Open-space threshold dopen 0.50 m

Maximum look-ahead distance Γmax 0.35 m
Maximum vertical dwell time tmax

nav 1.0 s
Future horizon N 8

3 SIMULATION RESULTS

The simulation results were obtained using a MATLAB-
based implementation of the proposed and baseline motion
planning algorithms. The design parameters are summarized
in Table 1.

The simulation environment consists of a narrow tunnel-
like structure with multiple turns, representing confined in-
spection scenarios such as building ducts and underground
passages. The tunnel has a square cross-section of 0.5 m ×
0.5 m and a total length of approximately 11 m. The UAV
starts from an initial location outside the tunnel and is re-
quired to navigate through the corridor toward the goal while
avoiding collisions with the surrounding walls.

3.1 Velocity Profile Analysis in Horizontal Navigation
Figure 1 compares the trajectories generated by the eval-

uated motion planners, including Rapidly-exploring Random
Trees (RRT), local grid-based A* reached the goal and a
lightweight bug MP from [17]. The lightweight reactive plan-
ners maintained a smooth and centered trajectory through the
corridor and successfully negotiated the turns using only lo-
cal sensing information. This behavior is desirable in narrow
tunnel environments, where maintaining clearance from the
walls is critical for safe flight.

Table 2 summarizes the quantitative performance of the
planners. The lightweight reactive planner achieved the short-
est completion time and the lowest computational cost while
maintaining a competitive path length. In contrast, RRT and
local grid-based A* required substantially longer computa-
tion times due to repeated local replanning. Standard RRT
and A* implementations generally assume access to an occu-
pancy grid or geometric map; however, such information is
difficult to obtain on nano-UAVs equipped only with sparse
range sensors. Therefore, in this study, RRT and A* were
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Table 2: Performance comparison of motion planners in MATLAB simulation
Planner Time Completed Path Length Clearance Ave. Speed Comp. Time (µs) Strength/Weakness
SAMP 90 s 12.5 m 0.10 m 0.1384 m/s 63.6 Minimal sensing, Fast
Bug 88 s 12.5 m 0.05 m 0.1429 m/s 72.2 Fast but low clearance
RRT 179 s 13.3 m 0.08 m 0.0744 m/s 217.0 Slow and inefficient
A* 133 s 16.6 m 0.08 m 0.1250 m/s 47.3 Poor at corners

implemented in a receding-horizon manner, where candidate
waypoints were sampled within a locally inferred free-space
corridor derived from range measurements. Instead of ex-
plicitly constructing a map, tunnel boundaries were imposed
as feasibility constraints. Although this modification allowed
both planners to progress toward the goal, their computa-
tional burden remained significantly higher than that of the
lightweight reactive planner.

Figure 1 also shows the forward (vx) and lateral (vy) ve-
locity profiles for representative planners. These profiles pro-
vide insight into the control behavior and motion characteris-
tics of each method under confined navigation. These obser-
vations are worthy to note:

• SAMP (Proposed) The proposed SAMP exhibits a
smooth and structured velocity profile. The forward ve-
locity vx remains close to the nominal value for most
of the trajectory, with only brief reductions near turns
or constrained regions. The lateral velocity vy shows
gradual and continuous variations, corresponding to
anticipatory steering toward the local reference (car-
rot point). This behavior reflects the structure-aware
nature of the planner: instead of reacting abruptly to
obstacles, the UAV adjusts its motion based on short-
horizon geometric inference. As a result, SAMP pro-
duces smooth transitions through corners and main-
tains stable forward progress with minimal oscillation.

• Bug In contrast, the Bug-based planner exhibits highly
oscillatory lateral velocity vy , characterized by rapid
switching between positive and negative values. This
behavior is a direct consequence of wall-following
logic, where the controller repeatedly corrects its po-
sition relative to the wall without anticipating future
geometry. The forward velocity vx also shows inter-
mittent drops, particularly near corners, indicating hes-
itation and inefficient progress. These oscillations lead
to increased path inefficiency and reduced stability, es-
pecially in narrow passages where frequent corrections
are required.

• RRT The RRT-based planner produces irregular and
discontinuous velocity profiles. Both vx and vy ex-
hibit sudden changes and spikes, reflecting the discrete
and replanning-based nature of the algorithm. As the
planner generates new waypoint sequences, the control
commands change abruptly, resulting in non-smooth

motion. Although RRT is able to reach the goal, the
velocity profile indicates poor suitability for real-time
control on nano-UAVs, as the lack of continuity can in-
troduce instability and increased control effort.

• Local Grid A* Similarly, the local grid-based A*
planner shows high-frequency fluctuations in both vx
and vy , particularly during replanning phases. Large
bursts in lateral velocity are observed when the planner
updates its path, causing abrupt directional changes.
These discontinuities arise from the grid-based repre-
sentation and frequent local replanning, which do not
explicitly enforce motion smoothness. While the plan-
ner successfully reaches the goal, the resulting mo-
tion is less stable and more computationally demanding
compared to lightweight reactive approaches.

Overall, the velocity profiles highlight a key advantage of the
proposed SAMP: it achieves smooth, continuous control be-
havior while maintaining reactivity and low computational
complexity. In contrast, Bug suffers from oscillatory correc-
tions due to its purely local nature, while RRT and A* intro-
duce discontinuities due to replanning. These results demon-
strate that incorporating short-horizon structural awareness
enables more stable and efficient motion in confined environ-
ments under minimal sensing.

3.2 Velocity Profile Analysis in Mixed Tunnel Navigation
The velocity profiles in Fig. 2 further highlight the differ-

ence in motion behavior between SAMP and the Bug-based
planner, particularly in the presence of vertical transitions.

The proposed SAMP exhibits smooth and coordinated ve-
locity profiles across all three axes. The forward velocity vx
remains close to the nominal value, with only moderate re-
ductions near turns and transition regions. Hence, the lateral
velocity vy varies gradually, reflecting continuous steering to-
ward the wall-extended local reference. Importantly, the ver-
tical velocity vz shows structured and intentional activation
only during vertical transitions. The transitions between hor-
izontal and vertical motion are smooth and temporally con-
sistent, indicating that the planner can anticipate and commit
to vertical motion based on local geometric cues. This re-
sults in stable traversal of vertical segments without oscilla-
tory switching.

In contrast, the Bug-based planner exhibits highly dis-
continuous velocity profiles in all axes. The lateral veloc-
ity vy shows rapid switching behavior, corresponding to re-
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Figure 1: Comparison of motion planners in the MATLAB
tunnel simulation environment. The proposed structure-
aware motion planning (SAMP) and the Bug-based planner
are highlighted as lightweight methods suitable for nano-
UAV deployment. SAMP achieves a smoother and more cen-
tered trajectory through the corridor, while the Bug planner
exhibits oscillatory behavior near turns due to its purely reac-
tive nature.

peated wall-following corrections. This oscillatory behavior
becomes more pronounced near corners and junctions. The
vertical velocity vz exhibits frequent sign changes and in-
termittent activation, indicating instability in selecting and
maintaining vertical motion. Rather than committing to a
clear ascent or descent, the planner repeatedly switches be-
tween directions, leading to inefficient and prolonged traver-
sal. The forward velocity vx also shows frequent interrup-
tions, reflecting hesitation and reduced progress due to the
lack of anticipatory behavior.

These results demonstrate that purely reactive strategies
such as Bug are insufficient for mixed horizontal–vertical
tunnel navigation, where consistent mode commitment is re-
quired. In contrast, SAMP leverages short-horizon structural
awareness to generate smooth, coordinated motion across all
axes. The resulting velocity profiles are significantly more
stable, enabling reliable traversal of complex confined envi-
ronments under minimal sensing.

Figure 2: Comparison between the proposed structure-aware
motion planning (SAMP) and a Bug-based reactive planner
in a mixed horizontal–vertical tunnel environment. (Top)
3D trajectories from start to goal. SAMP achieves smooth
and consistent traversal, including stable vertical transitions,
while the Bug planner exhibits oscillatory behavior and ineffi-
cient motion, particularly near corners and vertical junctions.
(Bottom) Corresponding velocity profiles in the forward (vx),
lateral (vy), and vertical (vz) directions. SAMP maintains
smooth and continuous velocity variations, whereas the Bug
planner shows frequent switching and high-frequency oscil-
lations due to its purely reactive wall-following behavior.

4 EXPERIMENTAL VALIDATION

Real-world flight experiments were conducted using a
Crazyflie 2.1 nano-UAV to evaluate the proposed lightweight
motion planners under minimal sensing conditions. The plat-
form has a mass of approximately 28 g and a motor-to-motor
distance of 0.08 m. The UAV is equipped with onboard IMU
and pressure sensors, together with a Multiranger deck and
Flow deck for sparse range sensing, optical-flow-based ve-
locity estimation, and altitude stabilization. No global map,
motion capture system, 3D LiDAR, or vision-based localiza-
tion was used during autonomous navigation.

Figure 3 shows the experimental tunnel environments and
representative flight trajectories. The navigation task in all
experiments was to autonomously traverse the tunnel and
reach the end of the course using only onboard sparse sensing.
Two tunnel configurations were considered: a horizontal-
to-ascending tunnel transition (Environment A, 2.0 m) and
a mixed horizontal-vertical tunnel (Environment B, 3.5 m).
Figures 3(A.2) and (B.2) compare representative trajectories
generated by SAMP and the Bug-based planner. In both en-
vironments, SAMP maintained smoother and more centered
trajectories, while the Bug-based planner exhibited larger de-
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Figure 3: Experimental validation of lightweight motion planners in confined tunnel environments using a Crazyflie nano-UAV
equipped with sparse onboard sensing. (A.1) Horizontal-to-ascending tunnel environment. (A.2) Representative experimental
trajectories for SAMP and the Bug-based planner in Environment A. (A.3) Corresponding velocity profiles showing forward
(vx), lateral (vy), and vertical (vz) motion components. (B.1) Mixed vertical-horizontal tunnel environment. (B.2) Representa-
tive experimental trajectories for SAMP and the Bug-based planner in Environment B. (B.3) Corresponding velocity profiles for
the evaluated planners. The proposed SAMP maintains smoother trajectories and more continuous velocity behavior, whereas
the Bug-based planner exhibits stronger oscillatory corrections due to purely reactive wall-following behavior under sparse
sensing.

viations and oscillatory corrections, particularly near tunnel
transitions and corners.

The corresponding velocity profiles in Figs. 3(A.3) and
(B.3) further highlight the behavioral differences. SAMP pro-
duced smoother forward, lateral, and vertical velocity tran-
sitions, whereas the Bug-based planner showed frequent os-
cillations caused by purely reactive wall-following behavior
without anticipation of tunnel geometry.

The experimental success rates also demonstrate the ad-
vantage of incorporating short-horizon structural awareness.
In Environment A, the Bug-based planner achieved a success
rate of 5/10, while SAMP achieved 8/10. In the more chal-
lenging Environment B, Bug achieved only 1/10 successful
runs, whereas SAMP achieved 6/10. Failures were mainly
caused by aerodynamic disturbances inside the tunnels, im-
perfect range measurements, and local interpretation errors.
Some runs resulted in wall collisions, while others caused the
UAV to retreat toward previously traversed regions instead of
progressing toward the goal.

Overall, the experimental results demonstrate that incor-

porating lightweight structural awareness significantly im-
proves navigation robustness and motion smoothness for
nano-UAV tunnel navigation under sparse sensing conditions.

5 CONCLUSION

This paper presented a Structure-Aware Motion Planner
(SAMP) for nano-UAV navigation in confined tunnel envi-
ronments using only sparse range sensing. The proposed ap-
proach introduces a wall-extended local referencing mecha-
nism that enables anticipatory yet lightweight reactive nav-
igation without requiring mapping, memory, or global op-
timization. Simulation and real-world experiments demon-
strated that SAMP achieves smoother motion, improved sta-
bility, and higher traversal success rates compared to con-
ventional reactive baselines. Overall, this work demonstrates
the feasibility of autonomous tunnel navigation for resource-
constrained nano-UAVs using minimal onboard sensing and
highlights the potential of lightweight structure-aware plan-
ning for confined and GPS-denied environments.
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ABSTRACT

This study investigates the effects of downscal-
ing hardware and software on the performance
and processor load of small drones, with a fo-
cus on rainforest exploration. Through system-
atic benchmarking, we evaluate state-of-the-art
path-planning on resource-limited platforms, ex-
amining trade-offs between computational load
and key navigation metrics including gap size,
obstacle detection, and reaction time. We offer
practical guidelines for autonomous navigation
on low-power processors in dense, narrow-gap
environments. Finally, we demonstrate the feasi-
bility of this approach through a 100-gram pro-
totype achieving full onboard autonomous navi-
gation through unknown, unstructured forest en-
vironments.

1 INTRODUCTION

Tropical rainforests, essential to the planet’s ecological
health, are increasingly threatened by deforestation and cli-
mate change [1]. Preserving these ecosystems demands a
deeper understanding of their biodiversity, a task complicated
by the sheer size and inaccessibility of rainforest environ-
ments. In recent years, drones have emerged as a promising
solution, enabling researchers to monitor forest conditions,
gather critical biodiversity data, and evaluate the effects of
climate change and human activity, as shown by [2–6]. A key
advantage of drones lies in their ability to navigate remote,
hard-to-reach areas with relative ease [7, 8].

Advances in aerial robotics have greatly expanded the
autonomy of unmanned aerial vehicles (UAVs). The EGO-
Planner, introduced by Zhou et al. [9], marked a milestone
in making high-performance local planning feasible on small
quadrotors, while recent work demonstrated vision-based
route following indoors on a 56-gram drone [10], hinting at
the potential for outdoor use. However, that system is limited
to retracing previously flown routes in obstacle-free condi-
tions, whereas our system performs fully autonomous navi-
gation through unknown, unstructured environments. Such
route-following approaches, while highly memory-efficient,
require prior traversal of the environment and cannot handle
unknown obstacles — capabilities that are essential for rain-
forest exploration, where terrain is unstructured and no prior

Figure 1: The 100-gram autonomous drone (DJI Tello with
Raspberry Pi Zero 2W, and Arducam ToF camera) navigating
in a dense forest.

map is available. Yet many state-of-the-art obstacle-avoiding
algorithms still depend on high-performance processors and
sensors, adding significant weight and reducing endurance.
For instance, the EGO-Planner implementation employs a
150-gram microprocessor and a 40-gram stereo depth camera
on a 900-gram platform, leading to a take-off weight of over
1 kg and flight time of 8 minutes. Lighter onboard processors
and sensors directly extend flight endurance by reducing pay-
load mass; this also enables the use of smaller, cheaper, and
safer drone platforms that achieve comparable endurance to
heavier systems, making them more practical for real-world
applications.

Within this work, our objective is to advance the under-
standing of ultra-lightweight autonomous drones and their
performance in complex natural environments. We present a
fully autonomous aerial system weighing only 100 g, with all
computations performed onboard. Its lightweight design en-
ables agile navigation in cluttered environments such as dense
tropical forests, addressing critical challenges of rainforest
deployment. We systematically analysed the computational
demands of path planning, establishing performance met-
rics to evaluate navigation effectiveness. Benchmarking tests
measured computer processor load, memory usage, and loop
durations across different configurations, while simulation
experiments incorporating real-forest data allowed us to ex-
plore the relationship between navigation performance, CPU
load, and sensor data quality. This process identified compu-
tational bottlenecks within path planning sub-processes, of-
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fering insights into power optimization. This paper begins by
describing our baseline 500-gram rainforest drone, developed
for the XPRIZE Rainforest competition, which served as the
starting point for our downscaling experiments.

The main contributions of this work are:

• A systematic benchmarking framework for evaluating the
trade-offs between computational load and navigation per-
formance in resource-constrained path planning, using four
defined metrics: minimum solvable gap size, minimum de-
tectable obstacle size, solvable obstruction width, and reac-
tiveness time.

• A Pareto-front analysis revealing feasible configurations
for autonomous navigation under processor constraints,
providing practical guidelines for system designers.

• A proof-of-concept implementation of autonomous 3D ob-
stacle mapping and path planning on a 100-gram drone
platform, demonstrating that real-time autonomous naviga-
tion through unknown, unstructured outdoor environments
is feasible at this scale.

2 AUTONOMOUS FLIGHT WITH A 500-GRAM DRONE

A 500-gram autonomous drone was developed in the con-
text of the XPRIZE Rainforest Competition [11], which tasks
teams with surveying large forest areas without human entry.
To address this challenge, we derived a set of technical re-
quirements: fully autonomous flight without external signals
(GPS, joystick, or video stream), robust navigation through
dense vegetation with obstacles at all heights, and sufficient
flight time to cover meaningful ground area. The platform is a
Parrot Bebop 2 drone equipped with an Intel RealSense D435
depth camera for obstacle sensing and an ODROID-C4 com-
puter for onboard autonomy. Low-level flight control is han-
dled by the Bebop 2’s internal controller, interfaced via the
Robot Operating System (ROS) using the bebop autonomy
SDK [12].

2.1 Energy Usage Benchmarking

When downscaling a drone to a smaller form factor, en-
ergy consumption becomes one of the biggest bottlenecks.
With a smaller battery, smaller motors and smaller propellers,
the payload that the drone can handle becomes more crit-
ical. Sub-100-gram drones typically have a flight time of
approximately 5 minutes. But with even the smallest addi-
tion of mass, the available flight time drops significantly. To
integrate an autonomous path planner on tiny drones, extra
sensors such as a depth camera and a processor unit are re-
quired. To optimise path planning in forest conditions on
resource-limited processors, benchmark tests are performed
to measure CPU and memory load. To interpret these bench-
marking results meaningfully, we define a set of performance
metrics that capture both navigation safety and computational
demand.

Performance Metrics
Autonomous planning involves perception and planning
steps. This section introduces four metrics created for safe
and robust navigation in dense environments: reactiveness
time, solvable obstruction width, minimum detectable ob-
ject size, and minimum solvable gap size. Experiments on
a 500-gram drone indicate that processing load is more af-
fected by perception configurations than planning configura-
tions. Depth image rate and resolution significantly influence
processing load. Planner configurations, like cost function
and maximum iterations, impact performance but do not sig-
nificantly alter processor load, therefore these are not consid-
ered in the trade-off comparison.

Depth Image Projection
Depth image projection translates 2D depth images into 3D
detection points. This process involves using intrinsic and
extrinsic camera matrices to determine the 3D position of ev-
ery pixel with respect to the camera’s coordinate frame, illus-
trated in Figure 2 [13].

Our benchmarking explores how lowering image resolu-
tion and frame rate affects perception performance, CPU load
and memory load. Once points are projected into 3D, we must
update the map to reflect both obstacles and free space—this
is handled by raycasting.

Figure 2: Illustration of depth image projection from a 2D
camera frame into a 3D obstacle map, based on camera in-
trinsics and extrinsics [13].

Raycasting Process
Raycasting updates the 3D map by considering obstacles de-
tected by the drone. The probability of currently mapped ob-
stacles that lie in between the drone and newly detected ob-
stacles will be lowered, applying the probabilistic occupancy
mapping concept [14]. It assumes no obstacles lie between
the drone and the detected points, crucial for updating the ob-
stacle map. Raycasting addresses sensor noise from the cam-
era, essential to creating a robust obstacle map in challenging
environments. With the map updating in real time, we can
now quantify what sizes of gaps the drone can navigate.

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 174



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-21 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

Figure 3: Illustration of the raycasting process used in oc-
cupancy mapping. Voxels marked as obstacles but lying be-
tween the drone and new detections (red blocks) are removed
to reduce false positives and sensor noise.

Minimum Solvable Gap Size
To find path-planning solutions in a dense forest, identifying
small gaps is crucial. Therefore, we created the minimum
gap size metric, which can be used to determine the sizes of
gaps that can be detected. The minimum gap size depends
mainly on voxel grid resolution, with smaller voxels improv-
ing accuracy but significantly increasing processor and mem-
ory load — for example, reducing voxel size from 0.20 m to
0.05 m can increase memory requirements by tens of times,
depending on environment structure and octree pruning, as
illustrated in Figure 4, observed in our benchmarking, and
consistent with voxel-based frameworks like OctoMap [15].

This metric considers factors like pixel size, camera res-
olution, inflation distance, and grid resolution. Hypotheses
suggest CPU load increases with decreasing gap sizes, im-
pacting the performance of the algorithm.

Figure 4: Illustration of the minimum solvable gap size for
diagonal gaps in voxel-based mapping. The resolution of the
voxel grid determines the smallest gap that can be reliably
detected.

Equation 1 defines the guaranteed minimum gap size
based on configurations and camera specifications. In the
equation, PS is the pixel size, FOV the camera’s field of
view, Rcam the camera range, Cres the camera resolution,
Dinfl the inflation distance,Dmin the minimum inflation dis-
tance, GR the voxel grid resolution, and GSmin the min-

imum solvable gap size. A refers to the dimensioning il-
lustrated in Figure 4. The square brackets, also known as
the ceiling brackets, indicate that the decimal number inside
should be rounded up to the nearest whole number.

PS =
tan

(
FOV

2

)
·Rcam · 2

Cres

Dinfl = ⌈
Dmin

GR
⌉ ·GR

A =
PS

2
+
√
2 · (GR)2 +

√
2 · (Dinfl)2

GSmin = A · 2 +
√

2 · (GR)2

GSmin = PS + 3 ·
√

2 · (GR)2 + 2 ·
√
2 · (Dinfl)2

(1)

Depth Image Resolution
Lowering the depth image resolution, either by using a lower-
quality camera, or by skipping pixels defined in the configu-
ration, negatively impacts the detection of small obstacles.
Thereby creating a risk of not detecting tiny branches in the
forest and crashing. Figure 5 illustrates the potential blind
zones for a certain configuration and distance to an object.
But, at the same time, lowering the number of computations
for the projection, thereby lowering the processor load. In
benchmarking, the depth camera resolution is varied to assess
its impact on drone perception performance.

Figure 5: Illustration of pixel skipping in the projection step,
where 2 out of every 3 pixels are ignored. This reduces pro-
cessor load but increases blind zones and the risk of missing
thin obstacles.

To estimate the minimal size of a potentially missed ob-
ject at maximum camera distance, Equation 2 provides an
approximation. This equation considers parameters such as
FOV field of view, CRmax camera range, OR original
resolution, and SP skipped pixels. The result, denoted as
SMmax, represents the maximum object size that may be
overlooked. The pixel projection scales linearly with the cam-
era range, allowing detection of smaller objects at closer dis-
tances.

PPmax =
tan

( FOV
2

)
· CRmax · 2
OR

SMmax = SP · PPmax
(2)
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Local Planner Range
The EGO-planner’s local range is the area around the drone
in which obstacles are considered to plan a path around. By
only using a local region, the path planner can calculate tra-
jectories more efficiently. When the obstacle is wider than the
local planner range, and the planner assumes all space outside
the local planner range is obstacle-free, an issue arises. Figure
6 illustrates this issue where the planner gets stuck in a loop
where it never succeeds in navigating to the goal. A well-
known failure mode of local, potential-field–style planners, a
limitation first noted in classic potential-field navigation stud-
ies. A smaller range reduces CPU load but may hinder effi-
cient route planning. Balancing local planner range is crucial
to avoid navigation loops and ensure effective obstacle avoid-
ance.

Figure 6: Illustration of the local planner range limitation.
When obstructions are wider than the local planning horizon,
the planner incorrectly assumes free space beyond the map
and may enter an infinite replanning loop.

Equation 3 can be used to determine what obstruction
width can be solved by the algorithm. In the equation, Dinfl

is the inflation distance, Dmin the minimum inflation dis-
tance, GR the voxel grid resolution, Rloc the local range, and
SOW the solvable obstruction width.

Dinfl = ⌈
Dmin

GR
⌉ ·GR

SOW = Rloc − 2 ·Dinfl

(3)

Reactiveness
Reducing the depth image rate, by using a lower-quality cam-
era or skipping images by configuration, the processor load
can be lowered. But, for newly occurring obstacles, it takes
more time to map and detect a possible collision. By vary-
ing the depth image rates during benchmarking, the processor
load and reactiveness are compared.

Equation 4 shows what sub-processes and configurations
affect the theoretical reactiveness duration. This is the dura-
tion between the occurrence of a new obstacle, up to the mo-
ment it is mapped and a collision check is performed. In this
equation, PI is the number of iterations until the threshold is
reached, Pt and Pi are respectively the probability threshold

and probability increase, Rcam the camera rate, and Tproj ,
Tray, Tupd, Tcol the loop times for projection, raycasting, up-
dating, and collision check.

PI = ⌈Pt
Pi
⌉

Treact = PI · 1

Rcam
+ Tproj + Tray + Tupd + Tcol

(4)

2.2 Configuration Variations
Four parameters are varied to compare planner perfor-

mance by the metrics mentioned above. These are voxel grid
resolution, local map range, camera resolution, and camera
rate. Each parameter variation explores its impact on the
processor and memory load, offering insights into optimal
configurations for autonomous flight in challenging environ-
ments. Table 1 shows per metric what parameter combina-
tions are benchmarked.

Table 1: Simulation Experimental Setup
Voxelgrid
res. [m]

Local
map
range
[m]

Camera
res. [-]

Camera
rate
[Hz]

Gap size [.05 .10
.15 .20]

10 [1 1/2
1/3 1/4]

15

Obstacle
size

0.10 10 [1 1/2
1/3 1/4]

15

Obs.
width

[.05 .10
.15 .20]

[1 2 ...
35]

1 15

Reaction
time

0.10 10 1 [15 7.5
5 3.8 3]

3 DATASET COLLECTION

Creating a dataset for simulations involves several criti-
cal steps, from data collection to processing. Initially, ROS
nodes are configured to output loop durations for specific
sub-processes, providing valuable insights into performance.
Ground-truth data is also gathered during dataset creation to
enable comparison of different methods. This section details
the process of generating an outdoor dataset.

1) Data Collection Setup: To monitor the performance
of the EGO-planner algorithm, ROS publishers are integrated
to output data related to the duration of key sub-processes:
projection, raycasting, map updates, and collision-checking
for each processed depth image. This data is logged for later
analysis.

2) Processor and Memory Load Monitoring: To evaluate
the processor load and memory usage, the cpu monitor
ROS package [16] is used, publishing system metrics at a 10
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Hz interval. This helps assess the computational resources
consumed by the algorithm during operation.

3) Evaluation of State Estimation Methods: The study
evaluates a drone path-planning algorithm based on dead
reckoning by conducting performance tests in both indoor
and outdoor environments, each requiring distinct data col-
lection methods. For indoor testing, high-precision mo-
tion data is obtained using the Optitrack Motion Capture
System, which integrates seamlessly with the ROS network
via MAVros. Outdoor tests take place in dense forest set-
tings, where GPS data provides the ground-truth position. A
UBLOX F9P GPS module equipped with a helix antenna is
mounted on the drone to enable comparison between dead
reckoning and GPS-based navigation.

In both scenarios, inertial measurement unit (IMU) and
image data are collected to enhance position estimation
through visual-inertial odometry. This is implemented using
VINS-Fusion [17], built on VINS-Mono [18] and leveraging
techniques also common to ORB-SLAM2 [19], which tracks
landmarks in infrared images similarly to the EGO-planner
[9]. Together, these approaches allow the study to com-
prehensively assess the effectiveness of the dead reckoning-
based path-planning method across varied environmental
conditions by leveraging motion capture, GPS, and visual-
inertial odometry data.

4) Outdoor Dataset Collection: The outdoor dataset is
recorded in a dense forest environment resembling rainforest
conditions. During autonomous flight, the drone navigates a
walking trail with obstacles, capturing sensor data through-
out the flight. This dataset ensures repeatability, using real-
forest sensor data, and minimises the need for further out-
door testing to validate algorithm configurations [20]. Our 3D
mapping pipeline is conceptually aligned with recent under-
canopy photogrammetric work using stereo vision to generate
dense point clouds for parameter extraction [21].

5) Simulation Benchmarking: To assess the drone path-
planning algorithm, simulations are run using different con-
figurations while replaying the sensor data from the dataset.
This section outlines the process of preparing datasets, run-
ning simulations, and extracting results for analysis. The
dataset is curated by filtering and trimming the logged data
from real flights, focusing on the drone’s IMU data and the
depth and grayscale images captured by the camera.

For efficient simulation and data collection, a bash script
automates the process, running the planner algorithm on the
dataset with various configurations. The results are then pro-
cessed into Python data for further analysis. This automated
approach allows for batch processing of over 100 simulations,
making it a time efficient method for bulk analysis.

4 ANALYSIS

The analysis script processes all data using specific func-
tion definitions for calculating performance metrics as de-
scribed in Section 2.1. This includes pixel size, minimum gap

size, maximum obstruction width, minimum obstacle size,
and reactiveness.

When downsizing computational load for tiny drones, it
is crucial to closely evaluate the CPU load profile during sim-
ulations. The perception phase, focused on updating the lo-
cal map using depth images, differs from the planning phase,
marked by peak loads during path sampling, optimization,
and refinement. Figure 7 exemplifies the CPU load distri-
bution during a simulation run with varying voxel grid reso-
lutions. In this example, left of the vertical dotted line is only
perception. While on the right side of the dotted line, the per-
ception and path planning are both active. For the benchmark-
ing, the path planning is triggered to re-plan every 2 seconds,
causing the peaks in the CPU load.

Figure 7: CPU load distribution over the benchmark simula-
tion with voxel-grid resolutions of 0.05, 0.10, and 0.15 m.

5 RESULTS

This section presents the benchmarking results for each
of the four performance metrics defined in Section 2.

5.1 Gap Size Performance
CPU load was measured for varying voxel sizes and im-

age resolutions. The relationship is non-linear, with smaller
voxels increasing load. Figure 8 shows how grid resolution
affects CPU load and the ability to navigate narrower gaps.
Memory usage follows the same trend, increasing signifi-
cantly with resolution; reducing voxel size from 0.20 m to
0.05 m can increase memory requirements by tens of times,
depending on pruning and environment structure. This indi-
cates that higher resolution improves gap navigation but at
steep computational cost—critical for small onboard proces-
sors.

5.2 Obstacle Size Performance
For detecting smaller obstacles, the relation is tested with

decreasing CPU load during the benchmarking. This test
involves varying the depth image resolution and voxel grid
resolution. Results, shown in Figure 9, indicate that at the
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Figure 8: CPU load (%) vs. minimum solvable gap size (m)
at full, half, and quarter image resolution.

finest voxel resolution tested (5 cm), relaxing the minimum
detectable obstacle size leads to a significant, non-linear re-
duction in CPU load. At coarser voxel resolutions (7–15
cm), the same relaxation yields only a modest ∼5% reduc-
tion, which is not considered significant. This suggests that
detecting only larger obstacles yields modest computational
savings unless voxel resolution is already high.

Figure 9: CPU load (%) vs. minimum detectable obstacle
size (m) for voxel resolutions of 0.05 m, 0.07 m, 0.10 m, and
0.15 m.

5.3 Obstruction Width Performance

As mentioned earlier, path planning around wide obstruc-
tions requires a larger range for the local planner. In the
benchmark, CPU load was tested for increasing local plan-
ner ranges and varied across different voxel grid resolutions.
The measured loads exhibit a roughly linear increase as the
obstruction width that can be handled grows, see Figure 10.

For high voxel resolutions, such as 10 cm, CPU load rises
significantly—from about 35% for a 2 m wide obstruction to

85% for a 35 m wide obstruction. In contrast, for lower voxel
resolutions, such as 20 cm, the load increases by only 5–10%
across the same range, which is considered insignificant.

Figure 10: CPU load for various minimal obstacle widths
with voxel resolutions 0.10 m, 0.13 m, 0.15 m, and 0.17 m.

5.4 Reactive Performance

To test the potential load increase for a system that has a
quicker reaction to newly occurring obstacles, the rate of the
depth images is varied in the benchmark tests from 3 to 15
depth images per second. The voxel grid resolution is also
varied to increase the general system load to check if this dif-
fers in the results. The results in Figure 11 show a slightly
curved decrease in load when the image rate is lowered. The
plot shows that for a system with high load, the impact of
decreasing the rate has significantly more impact (25% re-
duction) compared to the test where the general system load
was low (5% reduction).

Figure 11: CPU load for various reaction times with voxel
resolutions 0.05 m, 0.10 m, and 0.15 m.
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5.5 Trade-off: Safety vs. Performance
By combining the results, trade-offs can be visualised in

which the CPU loads can be plotted for a combination of two
performance variations, also known as a Pareto-front [22].
The main objective is the comparison of CPU load relative to
flight performance, which is represented by the minimal gap
size and maximum obstruction width. Safe and robust flight
was one of the secondary objectives, and this is represented
by reactiveness and minimal obstacle-size performance. Ex-
ploring the trade-off between safety and performance at dif-
ferent CPU utilization, using reactiveness and minimal gap
size, reveals a Pareto-front.

The Pareto-fronts, shown in Figure 12, indicate the per-
formance combinations where the CPU load is equal, drawn
in yellow for 90% CPU utilisation, and drawn in purple for
50% CPU utilisation. This Pareto-front shows the trade-off
where a combination of safety and performance has to be cho-
sen, with a limited CPU load, that is most suitable for a design
situation.

For example, in the trade-off in Figure 12, for a CPU load
limit of 50%, a minimum gap size of 0.8 m can be chosen
with a reactiveness of 1.2 seconds. Or, the combination with
a much quicker reactiveness can be chosen, for example, 0.2
seconds, but now the minimum gap size is 1.1 m. Any combi-
nation on the purple line would be valid within the 50% load
limit.

Figure 12: Trade-off between safety and performance shown
as Pareto fronts for CPU utilization levels of 50% and 90%.
Each curve illustrates feasible combinations of reactiveness
and minimum gap size under processor constraints.

6 AUTONOMOUS FLIGHT WITH A 100-GRAM DRONE

Unlike prior sub-100 g autonomous systems, which are
limited to route following in controlled indoor environments
[10], the platform presented here performs real-time 3D ob-
stacle mapping and path planning in unknown, unstructured

environments. This is achieved by fitting a Raspberry Pi Zero
2W processor and an Arducam ToF camera onto a DJI Tello
drone, resulting in a fully autonomous 100-gram, 10×10×10
cm system with all computation performed onboard. The to-
tal material cost is approximately 200 euros, of which 100
euros is the drone platform itself, making it a low-cost solu-
tion compared to existing autonomous systems of comparable
capability. Low-level flight stabilization and velocity control
are handled by the Tello’s internal controller, with high-level
commands sent via the DJITelloPy SDK [23].

The parameter configuration for the 100-gram platform
was derived directly from the benchmarking results presented
in Section 5, using real forest sensor data as input. By select-
ing a 10 cm voxel grid resolution, 10 depth images per second
at 120×90 px resolution, and a 5 m local planner range, the
processor operates at 80–95% CPU load — within the safe
limits of stable operation on the Raspberry Pi Zero 2W. This
configuration yields the following navigation performance: a
minimum solvable gap size of 1.0 m, a reaction time of 300
ms, a minimum detectable obstacle size of 2 cm, and a maxi-
mum solvable obstruction width of 3.6 m. These values repre-
sent a deliberate trade-off between computational feasibility
and navigation safety, selected using the Pareto-front analysis
described in Section 5.

Preliminary flight tests were conducted in a controlled in-
door environment with artificial vegetation arranged at ap-
proximately 1.0 m gap spacing, consistent with the pre-
dicted minimum solvable gap size. The drone successfully
navigated autonomously between obstacles, confirming the
benchmarking-derived parameter configuration in practice.
Outdoor flights in a forest environment demonstrated func-
tional obstacle avoidance, though thin branches were occa-
sionally detected only at close range, consistent with the 2 cm
minimum detectable obstacle size and 300 ms reaction time
reported above. The addition of the companion computer and
sensor payload reduced flight time from the platform’s origi-
nal 13 minutes to approximately 6–7 minutes. Full quantita-
tive outdoor validation remains future work.

7 CONCLUSION

This study demonstrates that downsizing hardware and
adapting algorithms enable small drones to achieve effective
autonomous navigation in dense rainforest conditions. By
systematically varying parameters such as voxel grid reso-
lution, camera resolution, and local planning range, this re-
search shows clear trade-offs between processor load, mem-
ory usage, and crucial performance metrics like minimal gap
size, obstacle detection, and reaction time. Our findings in-
dicate that reductions in image rate or resolution can sub-
stantially decrease CPU load but must be carefully balanced
against the increased risk of missing small obstacles, or re-
acting too slowly to new hazards. This balance is further il-
lustrated through Pareto-front analyses, offering insights into
optimal configurations for different mission requirements. Fi-
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nally, the successful implementation of autonomous 3D ob-
stacle mapping and path planning on a 100-gram drone plat-
form confirms that real-time autonomous navigation through
unknown, unstructured environments is feasible at this scale.
This was demonstrated in both controlled indoor environ-
ments and outdoor forest conditions. These results open a
promising path for future applications in biodiversity moni-
toring and ecological conservation.
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ABSTRACT

Path planning for multiple unmanned aerial ve-
hicles is a difficult task, and even more for a fleet
of fixed-wing aircraft. One specific case is the
transition to, or between, formation flight pat-
terns, which requires synchronous arrivals while
ensuring minimal separation, and ideally main-
taining cruise speed. We present a centralized
method to solve this problem based on enumer-
ating different Dubins paths. Given a travel time
for the fleet, it builds a set of possible paths for
each aircraft. Then, it checks in parallel separa-
tion between each path pair. This yields coeffi-
cients for an Integer Linear Programming prob-
lem determining if a fleet-wide conflict-free so-
lution exists. This process is repeated for differ-
ent travel times sampled with increasing resolu-
tion until the user-defined accuracy is met. The
method is benchmarked with Monte-Carlo sim-
ulations considering up to 20 aircraft simultane-
ously, achieving an 95% success rate for an av-
erage 8 seconds computation time. A showcase
integration is done using three simulated aircraft
within the PaparazziUAV simulator.

1 INTRODUCTION

Unmanned Aerial Vehicles (UAVs) are becoming increas-
ingly affordable at relatively low prices, thereby encouraging
the deployment of multiple autonomous aircraft simultane-
ously. In particular, a fleet of fixed-wing aircraft is useful
for long missions, requiring significant payload or airspeed ;
aerial cartography [1], airborne particles sensing [2] and for-
est monitoring [3] are examples of such tasks. They all re-
quire solving a common problem: cooperative path planning.

Cooperative path planning consists in moving multiple
agents in a shared space to achieve a common goal. Several
constraints can be considered, the most common being colli-
sion avoidance, synchronous arrival to destination, maintain-
ing formation and feasible dynamics. These problems have
been significantly studied for aerial vehicles [4, 5, 6]. We are
particularly interested in collision-free 2D movements with

*Email adresses: [name].[surname]@enac.fr
†Deceased, https://sites.laas.fr/Simon_Lacroix/

synchronous arrivals, since such movements correspond to
getting into a planar formation or switching between forma-
tions. Different strategies exist to achieve such transitions:
discretize the airspace using a grid[7]or sets of lines [8] first,
then generate safe flight paths and finally smooth them; use
leader-follower or swarm schemes to handle collision avoid-
ance dynamically, and vary speed for synchronization [9, 10,
11]; or directly generate valid paths.

We focus on this last category as it does not rely on a
discretization parameter and provide an explicit path to be
followed for each agent. This ensures that any solution is
deadlock-free, but it usually requires more computing power
and there is no guarantee that a solution will be found. Paths
can be generated along several models. Some can con-
sider the acceleration limitations of the aircraft, and will use
clothoids [12], Bézier splines [13, 14] or Pythagorean Hodo-
graph splines [15, 16, 17]. Others use the Dubins model [18],
as it simplifies trajectory generation into a geometry problem
with circles and lines [19, 20] at the cost of introducing ac-
celeration discontinuities.

Among the full path generation methods, only a lim-
ited amount of aircraft are considered and performances are
poorly studied. In [14], several Monte Carlo simulations are
done, measuring accuracy and runtime of the planner, testing
from 2 to 7 aircraft. But this article does not manage col-
lisions. The other articles show only sample cases, without
timing computations and the number of aircraft does not ex-
ceed 5. This is especially limited compared to the leader fol-
lower techniques, such as in [9] where 3 groups of 7 aircraft
were deployed in real conditions.

We present a new method based on Dubins paths to solve
the fixed-wing fleet path planning problem with the con-
straints of constant airspeed, collision avoidance and syn-
chronous arrival in 2D. The main difference with [19, 20] is
that instead of looking for one specific combination of curves
in a continuous domain satisfying both synchronization and
collision avoidance, we build sets of synchronous curves for
each aircraft in which we look for a collision-free combina-
tion. This allows us to parallelize computations and push the
benchmark from 3 to 20 aircraft simultaneously.

2 PROBLEM FORMULATION

We consider the problem of path planning for a fleet of
fixed-wing aircraft flying at constant air speed and altitude,
using simplified dynamics in an obstacle-free area.
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Let the aircraft be numbered from 1 to N , and repre-
sented using a 2D position [xk, yk] ∈ R2 and a 2D orientation
θk ∈ S := (−π, π] with respect to the ground. We combine
these values in a state vector pk = [xk, yk, θk]. For the sake
of simplicity, we assume all aircraft have the same charac-
teristics, namely the same cruise air speed V , minimal turn
radius ρmin, and minimal separation distance δ.

This yields the following dynamics for each aircraft k ∈
[1, N ], the so-called Dubins vehicle [18]:

dpk
dt

=



ẋk
ẏk
θ̇k


 :=



V cos θk
V sin θk
uk


 (1)

The sole control parameter is the change in orientation uk ∈
[−V/ρmin, V/ρmin]. Note that the vehicle is always aligned with
its speed vector. As such, for a differentiable trajectory
γ : R → R2, we may abuse the notation pk(t) = γ(t)
to state that γ(t) = [xk(t), yk(t)] and γ′(t) is aligned with
[cos θk(t), sin θk(t)], i.e. the aircraft follows γ both in posi-
tion and orientation.

We require synchronicity: all aircraft reach their destina-
tion at the same time. This constraint stems from formation
flights, and can be adapted to sequencing for instance. We
develop this aspect in section 4.

Let us formulate our optimization problem. Given for
each aircraft k an initial state Sk, a final state Ek both
in R2 × S, and a set of possible twice differentiable paths
Γ ⊂ D2(R+,R2), we seek to minimize the time taken by
the fleet to reach its final configuration while satisfying the
constraints. Formally:

min
τ∈R+

γk∈Γ,1≤k≤N

τ (Flight time) (2)

Such that we achieve:

1. Correct synchronous trajectory:

∀ k ∈ [1, N ] γk(0) = Sk ∧ γk(τ) = Ek

2. Collision avoidance:

∀ k, s, k ̸= s ∀ t ∈ [0, τ ] ∥γk(t)− γs(t)∥ > δ

3. Constant speed:

∀ k ∀ t ∈ [0, τ ] ∥γ′k(t)∥ = V

4. Bounded acceleration:

∀ k ∀ t ∈ [0, τ ] ∥γ′′k (t)∥ ≤
V 2

ρmin

The core starting point for solving this problem is to define
the set of possible paths Γ. This set is often made of splines
[13, 15, 16, 17] as they provide a continuous family with a
convenient representation for integrating spatial and dynamic
constraints in a solver. But they heavily rely on a good initial
guess and continuous optimization. This can be tempered by
the use of global heuristics like Particle Swarm Optimization
(PSO), at a significant computational cost.

The method presented here is based on a finite set of so-
lutions. It has the advantage of exploring significantly differ-
ent paths, which may then be used as a better starting point
for locally optimized methods. We now present the elements
making our set of solutions: the Dubins paths.

3 DUBINS PATHS

Dubins showed in [18] that the shortest path between any
two states of a vehicle described in (1) is made of straight
lines and circle arcs of radius ρmin. We denote the possible
components S,L,R, respectively for Straight, Left and Right
[turn]. The optimal solution is among the following six pos-
sibilities: RSR,LSL ; RSL,LSR and LRL,RLR.

We may still need more variety in the choice of paths in
order to avoid conflicts. We add the single-turn paths SLS
and SRS. They have a limited scope of application, but can
still extend the number of possibilities. With the six basic Du-
bins paths and these two, we define the set of basic paths γ0,
which has cardinality 8. For any type γ ∈ γ0, a path is exactly
defined by starting and ending poses S,E ∈ R2×S and a turn
radius ρ > 0, and we denote γ[S,E, ρ] ∈ D2(R,R2) the cor-
responding function, when it exists. They are all showcased
in Figure 1.

By construction, all of these solutions are guaranteed to
satisfy the Constant speed and Bounded acceleration con-
straints. Two main questions remain: how to detect conflicts
and how to tune the paths to achieve synchronicity ?

3.1 Finding a fitting solution
Dubins paths provide a direct solution to the individual

path planning problem, but offer little tuning mechanisms
for achieving a specific path length. This question has been
studied, and several methods devised: artificially increase the
turning radius [19], use circles with different radii [21], in-

Figure 1: Examples of the six Dubins paths plus two extras
(SRS, SLS)
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Figure 2: Start, end and both extended paths: RSR and LSL

troduce straight extensions [22] or deform straight parts [23].
We use two strategies: increasing the turn radius and adding
straight segments at the start or end of the path.

More formally, fitting length ℓ > 0 by tweaking radius ρ
of a path from S = [xS , yS , θS ] to E = [xE , yE , θE ] corre-
sponds to the following optimization problem:

min
ρ>ρmin

(len(γ[S,E, ρ])− ℓ)2 (3)

Similarly, using length extensions distributed with ratio r ∈
[0, 1] along the initial direction VS = [cos θS , sin θS , 0] and
final one VE = [cos θE , sin θE , 0] yields the problem:

min
l≥0

(len(γ[S+ lrVS,E− l(1− r)VE, ρmin]) + l− ℓ)2 (4)

Note that the second method introduces new types of
paths: Dubins extended by straight lines. The ratio param-
eter allows many variations, but for the sake of simplicity we
will only keep three: start extended (r = 1), noted S-AAA;
end extended (r = 0) AAA-S and both extended (r = 1/2)
S-AAA-S, where in all cases AAA represents one of the three
letters combination characterizing an element of γ0. A show-
case of some Dubins extended paths is given in Figure 2. Let
Γ define the set containing the basic paths γ0 length fitted
using the aforementioned methods; its cardinal is 8 + 3 · 8.

Solving problems (3) and (4) is manageable since they
are unidimensional and quite monotonous, in spite of some
discontinuities (see [14, Figure 4] for path length as a function
of the turn radius). We use Brent’s method [24, Chapter 4] to
efficiently find solutions.

3.2 Conflicts detection
Dubins path are made of straight lines and circle arcs.

Thus the question of detecting a conflict between two paths
of Γ can be broken down into finding conflicts between their
components. Three subcases emerge: line-line, line-circle
and circle-circle. Both 2D lines and circles can be conve-
niently represented using complex functions.

For two parametric functions f1, f2 : [0, τ ] → C repre-
senting two trajectories, we define two types of separations
with respect to some minimal distance δ > 0:

• Temporal separation : two points following prescribed
trajectories must stay separated by at least δ.

min
t∈[0,τ ]

|f1(t)− f2(t)| > δ (5)

• Spatial separation : two shapes must be separated by
at least δ.

min
(t1,t2)∈[0,τ ]2

|f1(t1)− f2(t2)| > δ (6)

One can easily verify that if (6) is satisfied, then so is (5).
Practically, we are interested in temporal separation. It is

easy to compute in the line-line case, as it becomes a second
degree polynomial equation. But there are no such simplifi-
cations for the others ; we require a global solver, the interval
method [25] for instance. To limit the use of such compu-
tationally expensive procedures, we can perform pre-filtering
by computing the spatial separation, which is straightforward
given the geometric nature of the paths considered.

We have presented in this section the set of paths Γ used
for solving problem (2). We have shown how to fit them to
specific length and how to detect conflicts between them. Let
us now put this together into a fleet path planner.

4 FLEET PATH PLANNING

4.1 Presentation of the algorithm
Our procedure for planning a path for the fleet respect-

ing the constraints given in (2) uses combinatorial optimiza-
tion. We consider two main factors regarding complexity:
the number of different possible paths |Γ| and the number of
aircraft N . The former can be increased or reduced by mod-
ifying the chosen individual path planning methods, and the
latter expresses the scale and difficulty of the problem.

Three primitives are required to describe our method,
whose underlying principles have been given in section 3:

• τk, γk ←− ShortestDubins(Sk,Ek, V, ρmin) : Given
starting and ending states Sk,Ek, the aircraft speed V
and its minimal turn radius ρmin, compute the shortest
path γk belonging to Γ and give the travel time τk.

Its complexity scales linearly with |Γ|, since each path
must be considered to find the shortest.

• Lk ←− FitDubins(Sk,Ek, V, ρmin, τ) : Given start-
ing and ending states Sk,Ek, the aircraft speed V , its
minimal turn radius ρmin and a travel time τ , output a
set of paths Lk taken from Γ with turning radii greater
or equal than ρmin and having a travel time of τ . This
set may be empty if there is no way to go from Sk to
Ek given the constraints and possible paths.

Its complexity also scales linearly with |Γ|, since each
path must be considered.
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• True|False ←− AreSeparated(δ, γ1, . . . , γN ) :
Given a minimal separation distance δ and a list of
paths γ1, . . . , γN , check if there is a loss of separation
between any two pairs.

We can safely assume that there is an underlying
IsPairSeparated(δ, γa, γb) subroutine checking the
separation between two given paths, solving spatial (6)
then possibly temporal (5) separations. AreSeparated

requires N(N−1)
2 = O

(
N2
)

calls to the subroutine
(since separation is a symmetric notion).

We can now describe the general principles, also sum-
marized in pseudocode algorithm 1. It starts by computing
for each aircraft its best individual solution, ignoring colli-
sions, by using the ShortestDubins primitive. We want syn-
chronous arrivals, i.e. same travel time for everyone. A first
good guess is the maximum of the minimum individual times,
which we denote τmin. Using a user-defined parameter R, the
maximum possible time is set to R · τmin. We use these two
values to initialize a priority queue Q containing the flight
times considered.

The rest of algorithm 1 executes the main loop until a stop
condition is met: For every untested flight time τ in Q, com-
pute the possible paths Lk for each aircraft k ∈ [1, N ] using
FitDubins, and look through all combinations (γ1, . . . γN ) ∈
L1×· · ·×LN ; if one satisfies AreSeparated with the desired
separation δ, break the loop, otherwise move to the next value
in Q.

If a solution is found, remove all elements inQwith flight
time greater than the one of the solution, since they cannot be
optimal. Then, Q is populated by inserting b values regularly
spaced between every two successive τi, τi+1 ∈ Q (if b = 1,
this is equivalent to successive dichotomies). To limit sam-
pling to a reasonable resolution, a minimum width w > 0 is
specified by the user, such that if τi+1 − τi ≤ w, no samples
are added between these two values.

The number of iterations is counted as the number of dif-
ferent flight times τ tested. Once above a given threshold, the
program stops. The second stop condition is the maximum
total execution time, and is evaluated before testing a new τ .
The last stop condition is a progress criterion: the program
stops if no new τ are added to Q when re-sampling.

4.2 Algorithm analysis

The different stop conditions ensure that the program ter-
minates in a timely manner, but does not guarantee that a so-
lution is found. Furthermore, there is no guarantee at large
to find a solution, even with unlimited computations, as it
may not exist in the Γ set chosen. Still, we can evaluate the
complexity of testing a flight duration τ , which is the core
of this algorithm. Computing the set of possible paths for
each aircraft contributes N · O (|Γ|). Then, there are at most
|Γ| paths per aircraft, meaning a total of |Γ|N combinations.
Each combination has to be tested for conflicts, yielding a

Algorithm 1: Dubins based path planning algo-
rithm

Data: Initial and final states (Sk,Ek)1≤k≤N ; flight
parameters V, ρmin, δ; optimization parameters
R,w, b

Result: Duration τ and Dubins trajectories
(γk)1≤k≤N

for 1 ≤ k ≤ N do // Initial solutions
τk, γk ←− ShortestDubins(Sk,Ek, V, ρmin)

end
τmin ←− max1≤k≤N (τk)
// Ascending priority queue
Q←− [τmin;R · τmin]
Best←− ∅
repeat

foreach untested τ ∈ Q do
// Compute all solutions for a

given length
for 1 ≤ k ≤ N do

Lk ←− FitDubins(Sk,Ek, V, ρmin, τ)
end
// If one Lk is empty, this

loop is skipped
foreach Combination (γ1, . . . , γN ) of
L1 × · · · × LN do

if AreSeparated(δ, γ1, . . . , γN ) then
Best←− τ, (γ1, . . . , γN )
break twice

end
end
Mark τ as tested

end
if Best is not empty then

Remove from Q all τ >Best[0]
end
for Each successive pair τi, τi+1 ∈ Q do

∆τ ←− τi+1 − τi
if ∆τ > w then

for 1 ≤ j ≤ b do Add τi + j
∆τ

b+ 1
to Q

end
end

until Stop condition
return Best
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cost per iteration of O
(
N2 |Γ|N

)
. This is polynomial with

respect to the number of different paths |Γ| and exponential
with respect to the number of aircraft N .

Here are two ways we used in our implementation to
speed up computations. Since conflicts involve aircraft two
by two, it is possible to compute for each of the N(N−1)

2 un-
ordered aircraft pairs the |Γ|2 paths pairs, and check for con-
flict. This provides N2 |Γ|2 binary coefficients ca,b,g,h denot-
ing whether there is a conflict between aircraft a and b using
respectively paths g and h. We can formulate a 0-1 Integer
Linear Program (ILP) with variables xa,g defining if aircraft
a uses path g. There are two types of constraints: avoiding
conflicts

∀a ̸= b ∈ [1, N ] ∀g, h ∈ Γ ca,b,g,h · (xa,g + xb,h) ≤ 1

and choosing a unique path for each aircraft

∀a ∈ [1, N ]
∑

g∈Γ

xa,g = 1

This is a well-known NP-complete problem, and an efficient
existing solver can be used, for instance the HiGHS solver
[26].

Another important point is that this algorithm is easily
parallelizable. Indeed, each aircraft k can independently
compute its set of possible paths Lk, and each conflict check
is independent of the others. Hence, if we consider a cen-
tralized multiprocessor unit, we may use at most |Γ|2N(N−1)

2
cores to compute the aforementioned ca,b,g,h.

4.3 Algorithm extensions
The capabilities of algorithm 1 can be extended by a

clever use of its formulation. The first one is that it is pos-
sible to take into account a constant uniform wind W . Since
the flight time τ is set before planning the paths, it is possible
to update the ending point by integrating the wind deviation.
This amounts to replace Ek by Ek −Wτ , thereby anticipat-
ing the wind induced drift. Note that since the same linear
change of referential is applied to every aircraft, conflict de-
tection does not need to be changed. Regarding the initial
guess for τmin, there exist methods to compute it in presence
of uniform wind, for instance [27].

The second modification consists in incorporating tempo-
ral separation at arrival. Assume that aircraft k ∈ [2, N ] must
reach their destination with a time difference ∆tk with re-
spect to the previous aircraft k − 1. This is implemented by
replacing τ in the call of FitDubins by τ +

∑k−1
j=1 ∆tj . One

use case of such modification is landing sequencing.

5 SIMULATIONS

The method is tested in simulation with 3 types of scenar-
ios: transition between formations, random state to forma-
tion and random state to another random state, respectively
referred to as Formation, RNG to Formation and Full RNG in

Figure 3: Success rate as function of aircraft number and type
of test case

Figure 3. A total of 22 formations were considered, ranging
from circular and linear to rectangular and their variants.

We based our simulations on a fixed-wing drone of 1m
wingspan (equivalent to a Parrot Disco). The airspeed is set
to 15m/s, minimal turn radius to 40m and minimal separa-
tion to 80m. When using random positions, sampling was
done in a 1 × 1 km area with 240m of distance requested.
When using positions in formation, this distance between ref-
erence positions is set to 120m. The distance between initial
and final formations is of 1 km. No wind was considered
in these tests. Regarding the algorithm parameters, we set
R = 10, b = 2 and w = max(0.1 s, R · τmin · 10−4). The
stop conditions values are 300 iterations maximum and a 60 s
timeout. The solver has been benchmarked on a 12th Gen
Intel(R) Core(TM) i7-1255U, using 12 threads.

We ran tests with fleets of 3 to 20 aircraft, with 5230 cases
each: 300 fully random, 530 formation transitions and 4400
random to formation. The proportion of successful cases per
aircraft number and problem type is reported in Figure 3.
Success rate starts to decrease for more than 12 aircraft. Two
main reasons can be given for failures. First, formation cases
use tighter margins at endpoints and do not optimize aircraft
reordering between formations. Instead, they use an arbitrary
order, which may be unnecessarily difficult. Second, ran-
domly selected initial points may hinder synchronicity, es-
pecially when the arrivals are tightly ordered. Nevertheless,
for 12 aircraft and less, no failures were reported, and the rate
stays above 95% when testing with 20 aircraft.

Computation times are reported in Figure 4. We measured
the main thread time since parallelism has been exploited in
our implementation. For 9 aircraft and below, 99% of cases
are solved in less than 1 s. For 20 aircraft, 90% of cases were
completed in less than 13 s. A detailed analysis reveals that
the 60 s timeout is reached only for some cases with 17 air-
craft or more. The number of iterations is never a limiting
factor; the maximal value measured is 87 iterations.

The most difficult cases are the transitions between for-
mations, then random to formations and finally fully random;
the computation times with 20 aircraft average to 5065ms,
3877ms and 417ms respectively. It can be explained by the
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Figure 4: Computation time log distribution as function of
aircraft number

lack of geometric separation between trajectories with forma-
tions, as it incurs the use of more time-consuming algorithms
for detecting potential conflicts.

Preliminary integration of the method has been tested us-
ing the 6 degrees of freedom simulator from PaparazziUAV
[28]. A centralized planner gather data from three simu-
lated aircraft sharing the same characteristics: nominal air-
speed set to 15m/s, minimal turn radius tuned to 40m and
minimal separation to 30m. This last parameter is signifi-
cantly smaller compared to our initial tests in order to keep
the planned trajectories in a reasonable airspace. Dynamic
replanning is set up with the following rules, by decreasing
order of priority: a new plan can be established at most once
every 15 s, the current plan is considered invalid if a devia-
tion of 10m is measured for one aircraft, a new plan can be
proposed if it reduces flight time by 10%, the current plan
ends at 8 s from arrival. Tracking is achieved using the pre-
defined line and circle primitives of the autopilot. Each air-
craft adjusts its own airspeed to try reducing tracking error. It
is based on the time-to-arrival error, with adjustments within
±1m/s of its cruise speed.

One of the simulated flights is showcased in Figure 5.
The objective is to achieve four straights in chevron forma-
tion with a spacing of 36m. The highlighted section contains
the transition with the largest error. This error for aircraft
3 can be attributed to cutting the start of its turn and failing
to slow down efficiently. This deviation triggered at 161 s a
rescheduling, which at first increased the tracking error due
to the sudden change in command, followed by a decrease as
control stabilized. More generally, these simulations show a
satisfying planning strategy, especially considering the naive
tracking implemented. Still, the tracking error is not negli-
gible and some margins have to be considered between the
separation requested to the solver and the actual minimal tol-
erable separation.

6 CONCLUSIONS AND FUTURE WORKS

In this article we showed a method to solve synchronous
path planning for a fleet of constant speed Dubins vehicles,

and benchmarked it from 3 to 20 aircraft. On average, even
up to 20 aircraft, the computation time is 8 s for a success
rate superior to 95%. The method enforces synchronicity by
setting the travel time first, then creating a finite set of paths
per aircraft satisfying the constraints, and finally seeking a
conflict-free combination, which is a solution to the fleet path
planning problem. Simulated flights within the Paparazzi-
UAV system show correct tracking given aircraft dynamics,
but highlight the possible improvements in plan execution.

This algorithm has several limitations, the first one being
that there are no guarantees to find a solution. This may be
mitigated by adding possible paths and reducing margins, but
these come with computational and safety costs. Secondly,
computational cost scales exponentially with the number of
aircraft, limiting scalability. This method was not made to
replace swarm-like tactics used to handle large amounts of
UAVs, but the time to find a solution can be an obstacle de-
pending on the available hardware and expected reactivity.
Lastly, the paths presented here are based on Dubins model.
If it simplifies greatly path planning, it does not match an ac-
tual aircraft model, since lateral acceleration is discontinuous.
Given how important separation between aircraft is, we wish
that path following is as precise as possible.

There are multiple ways of improving this method. The
most promising direction is to locally post-process the gen-
erated paths using B-Splines [14] or Pythagorean Hodograph
splines [15, 17] in order to fix discontinuities, and then im-
prove tracking accuracy and avoid collisions using appropri-
ate guidance techniques, such as Guiding Vector Fields [29].
One could also improve computation time by studying how
conflicts between paths evolve as they are continuously de-
formed to fit a different length. Lastly, other extensions are
possible, such as integrating vertical movement [30].

Our C++ implementation of the solver can be
found at https://github.com/enacuavlab/
DubinsFleetPlanner.
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Center-of-Gravity Placement Effects on a Bio-Inspired
Flapping-Wing MAV: An Empirical Characterization for

Sensor Payload Integration
I. Guerra Bello1, A. Lopez*2, and M. Gallo1

1Inholland University of Applied Sciences, Delft, the Netherlands
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ABSTRACT

Autonomous aerial inspection of commercial
greenhouses requires a micro air vehicle (MAV)
capable of flying close to the canopy while car-
rying a sensing payload for pest detection. The
Flapper Nimble+, a bio-inspired flapping-wing
MAV, is well suited to this role, but integrating
sensors onto the platform is non-trivial: every
control moment is generated through the wings,
so even a small shift in the centre of gravity
(CG) changes the trim the controller must hold
and the way the airframe oscillates. Without
quantitative guidance on where payload mass
may be placed, integration is reduced to trial
and error. We report a systematic two-axis CG-
placement campaign on the Nimble+ in which
mass was swept along the fore–aft and verti-
cal body axes across 23 configurations and 64
hovering flights, logged simultaneously from on-
board flight-controller (FC) telemetry and an ex-
ternal motion-capture system. Two robust em-
pirical relations emerge: steady-state pitch trim
varies near-linearly with fore–aft CG offset at
−0.97 deg/mm, and body-pitch oscillation am-
plitude rises near-linearly with the magnitude of
vertical CG offset at +0.60 deg/mm. These re-
lations give designers a placement rule: keep the
payload CG close to the bare-platform CG fore–
aft to minimise trim demand, and with minimal
vertical offset from it to minimise oscillation.
An integrated sensing build assembled for green-
house inspection confirms the fore–aft relation:
its measured pitch-trim shift matches the predic-
tion to within the bare-platform flight-to-flight
spread. The vertical relation is corroborated in
direction but, owing to the larger variability of
the oscillation amplitude, is less precisely pre-
dictive. A mount-position imaging experiment
shows that placing the camera close to the CG
improves detection rate by a factor of 1.78.

*Email: a.p.lopez@tudelft.nl

1 INTRODUCTION

Commercial greenhouse crops must be inspected for pests
at the founding-colony stage, before an infestation spreads –
yet this early detection is hard to achieve with current meth-
ods. Pest infestations in high-density plantings of tomato, cu-
cumber and sweet bell pepper are most effectively controlled
by biological agents deployed before a colony reaches dam-
aging density, yet the dominant monitoring methods – peri-
odic manual scouting and passive sticky traps – are too infre-
quent and too coarse to catch a founding colony reliably [1].
Ground robots have been developed for greenhouse tasks but
are constrained to row-level access and cannot inspect ele-
vated canopy zones or leaf undersides where many pests es-
tablish [2]. An aerial platform that can fly close to the canopy,
cover a full corridor pass, and carry a camera capable of re-
solving pest clusters would close this gap.

The Flapper Nimble+, a bio-inspired flapping-wing MAV,
is well suited to this role: its flapping produces lower down-
wash and a lower acoustic profile than rotary-wing alterna-
tives, reducing disturbance to foliage during close-range op-
eration; its light wings pose little risk of damaging crops
or greenhouse structure on incidental contact. It has been
demonstrated in a greenhouse environment carrying a camera
for pest detection, though that work concluded that a lighter,
better-integrated payload was needed [3]. Integrating sensors
onto the platform is, however, non-trivial [4]. The Nimble+
generates every control moment through its wings alone [5],
so the CG position appears as a parameter in every rotational
equation of motion. Adding a sensor payload simultaneously
increases total mass and shifts the CG, and the shift is the
subtler effect: a few millimetres changes the trim the con-
troller must hold and the amplitude at which the airframe os-
cillates [6, 7], directly affecting both flight endurance and the
quality of images the payload can capture. While the con-
trol physics of the platform is established [5], no quantitative
guidance exists for how much a given CG shift costs in trim
or oscillation on the Nimble+, leaving sensor integration as
trial and error.

This paper provides that guidance. We report a systematic
two-axis CG-placement campaign and derive two empirical
relations that form a bounded predictive model for any pay-
load configuration within the tested envelope. We validate the
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model against a fully integrated sensing build for greenhouse
inspection – quantitatively for the fore–aft trim relation and
directionally for the vertical oscillation relation – and show,
through a mount-position imaging experiment, that the same
CG placement that minimises trim cost also maximises in-
flight camera detection rate.

2 PLATFORM AND MOMENT GENERATION

The Flapper Nimble+ is a bio-inspired flapping-wing
MAV with a published payload capacity of 25 g above an
all-up mass of roughly 102 g,a hover wing-beat frequency of
approximately 14-17 Hz, a 5 V / 400 mA payload rail, and
an onboard Crazyflie Bolt 1.1 flight controller running a PID
stabilisation loop [8]. The platform descends from the DelFly
lineage [9] and carries no tail surface: all three-axis control
torque is produced through differential wing kinematics via
four inputs [5]: left- and right-wing flapping frequencies fL
and fR, symmetric dihedral angle Γ, and yaw wing-root de-
flection δψ . The body axis convention is shown in Figure 1:
Y along the wing leading edge (LE), Z along the spine, X
out of the wing plane.

Figure 1: Body axis convention and control actuators of the
Flapper Nimble+.

Because the platform is tailless, every control moment
equals an aerodynamic force times its arm to the CG [5]. For
pitch, the dihedral servo tilts the flapping plane about a hinge
ahead of the CG, displacing the thrust vector by rx sin Γ, giv-
ing

τΓ = T rx sin Γ, (1)

where T is hover thrust and rx the fore–aft arm from CG
to hinge. A forward CG shift reduces rx, weakening pitch

authority and requiring a larger Γ to hold trim [10] — the
physical origin of the sensitivity characterised in Section 4.
Roll uses the lateral wing offsets; yaw uses asymmetric wing-
root twist. In every case the control moment depends on the
CG-to-force arm, so any payload shift changes that arm and
propagates into trim, oscillation, and ultimately the quality of
the captured imagery.

3 CG SWEEP METHODOLOGY

3.1 Test environment and flight protocol
All flights were conducted in the CyberZoo, a

10×10×7 m enclosed flight volume at TU Delft equipped
with an OptiTrack motion-capture (MoCap) system at up to
180 Hz. Every flight was logged by two independent streams:
the MoCap returning aircraft position and attitude from in-
frared markers, and the onboard FC telemetry logging atti-
tude estimates, gyro rates, motor commands and battery state
at 50 Hz.

The FC runs a PID stabilisation loop using a downward
time-of-flight (ToF) sensor for altitude hold and the onboard
IMU for attitude. Pitch and yaw received no pilot input
throughout the campaign, so both channels reflect the con-
troller’s unforced response to each CG condition. A free-
hover protocol was used: the aircraft was launched from one
corner and allowed to drift forward under its natural pitching
bias, with the pilot giving only occasional lateral corrections
to stay within the volume.

Each configuration was flown three times on a single
fully charged battery, holding state-of-charge effects constant
within a configuration. The campaign spanned several days;
on each day the unmodified bare-platform (BASE) configu-
ration was re-flown first and used as that session’s reference,
ensuring all comparisons are within-session.

3.2 CG mounts and tested configurations
CG offsets were imposed using 3D-printed mass-mount

brackets (Figure 2). Front and aft brackets bolted to the FC
imposed fore–aft (X) offsets; a top disc and a bottom washer
stack imposed vertical (Z) offsets. Each configuration’s CG
was computed analytically from bench-weighed masses and
CAD-extracted mount centroids. Pure single-axis displace-
ment is geometrically impossible, so each configuration car-
ries a small residual in the orthogonal axis; these are used
explicitly in the cross-axis checks of Section 4.

The X-sweep covered 14 configurations spanning
∆XCG ∈ [−1.75,+2.86] mm (0–11.8 g added mass).
The Z-sweep covered 9 configurations spanning ∆ZCG ∈
[−17.55,+10.87] mm (0–19.8 g); the vertical range is inten-
tionally exaggerated to map the limits of the relation. Both
sweeps are summarised in Table 1.

3.3 Per-flight metrics
The two data streams originate from independent clocks

and are processed separately. For each flight a hover win-
dow is extracted by isolating the in-flight segment and trim-
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Figure 2: Mass-mount brackets: fore–aft sweep (front (right)
and aft (left) brackets) and vertical sweep (top disc and bot-
tom washer stack).

ming take-off and landing transients; flights with fewer than
15 s of retained data are excluded. From the FC telemetry
three metrics are derived. The mean pitch trim θp is the time-
averaged body pitch, capturing the steady-state attitude the
controller settles on. The pitch servo is driven by a pulse-
width-modulation (PWM) command m1. The pitch-servo to-
tal variation

TVm1 =
1

Thov

N−1∑

i=1

∣∣m1[i+1]−m1[i]
∣∣ [PWMs−1] (2)

Sweep Configs ∆CG range (mm) Mass (g)

X (fore–aft) 14 −1.75 to +2.86 0–11.8
Z (vertical) 9 −17.55 to +10.87 0–19.8

Table 1: CG-sweep ranges; each configuration flown three
times.

measures cumulative pitch-servo effort per second. The servo
reversal rate

νcross =
1

Thov

N−1∑

i=1

1
[
(m1[i]−m∗

1)(m1[i+1]−m∗
1) < 0

]
[s−1]

(3)
counts zero-crossings of the servo-neutral reference m∗

1 per
second and is sensitive to the direction of any trim bias. From
the MoCap quaternion, body pitch is derived and the oscilla-
tion amplitude σθp is computed as the standard deviation of
the mean-removed pitch signal. The extended-Kalman-filter
(EKF) smoothed FC signal is used for θp and servo metrics;
the unfiltered MoCap signal is used for σθp .

4 RESULTS

4.1 Fore–aft axis: pitch-trim demand
Of theX-sweep configurations, 38 valid FC flights and 40

valid MoCap flights passed the hover-window filters. The pri-
mary finding is a near-linear relationship between per-flight
mean body pitch and ∆XCG (Figure 3). An ordinary least-
squares (OLS) fit to the per-configuration means gives

θp(∆XCG) = −1.86− 0.97∆XCG [deg], (4)

with Pearson correlation coefficient r = −0.97: approxi-
mately one degree of nose-up trim per millimetre of forward
CG shift. The −1.86 deg intercept is the residual trim of this
build at ∆XCG = 0.

Figure 3: Per-flight mean body pitch vs. ∆XCG. Dots
are individual flights; connected points are per-configuration
means; dashed line is the OLS fit of Equation 4.

The pitch-axis control activity provides independent cor-
roboration (Figure 4). TVm1 rises away from ∆XCG = 0
in both directions, the expected signature of the servo doing
more total work as |∆XCG| grows. νcross behaves asym-
metrically: forward CG biases m1 above neutral so zero-
crossings become rare even as TVm1 peaks; at the aft ex-
treme the trim approaches neutral and reversals are highest.
This asymmetry is the control-side fingerprint of Equation 4,
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read from the raw PWM stream without passing through the
state estimator.

Figure 4: Pitch-servo total variation (left) and reversal rate
(right) vs. ∆XCG. Both independently corroborate the trim
relation.

A cross-axis check confirms the relation is fore–aft spe-
cific. Mean pitch from the Z-sweep varies by only ∼1.4 deg
across the full ±17 mm vertical range, consistent with the
small residual ∆XCG carried by the Z mounts propagated
through Equation 4. Vertical CG placement does not drive
steady-state pitch trim.

4.2 Vertical axis: pitch-oscillation amplitude
Of the Z-sweep configurations, 26 valid FC flights and 21

valid MoCap flights passed the filters.

Figure 5: Pitch-oscillation amplitude vs. ∆ZCG. Dashed
line: bilateral OLS fit; horizontal dashed line: saturation cap.

Figure 5 shows a bilateral, near-monotonic rise in σθp
with |∆ZCG|. The per-configuration means rise from σθp ≈
4.2 deg at ∆ZCG = 0 to about 11.3 deg at both vertical ex-
tremes, a near-threefold increase on both sides. The rise is
bilateral: vertical offsets above and below the bare-platform
CG both amplify the oscillation.

Because the platform is flown closed-loop, what is mea-
sured is the combined response of the airframe and its PID
stabilisation loop rather than the airframe alone, and two ef-
fects plausibly contribute. The vertical offset alters the arms
and inertia through which the wings generate the pitch mo-
ment, and the PID, tuned to the bare-platform response, ap-
plies the same commands to an airframe that now reacts dif-

ferently and so operates away from its tuning point. Separat-
ing the two would require closed-loop system identification,
which was outside this campaign. What the data shows unam-
biguously is that vertical CG displacement in either direction
amplifies pitch oscillation. An OLS fit gives

σpred
θp

(∆ZCG) = min
(
3.97 + 0.595|∆ZCG|, 11.3

)
[deg],

(5)
with r = +0.95 and a saturation cap at 11.3 deg. The sin-
gle slope on |∆ZCG| is treated as an empirical engineering
fit, justified by the symmetric, bilateral response noted above
rather than by a single physical mechanism. The vertical
brackets also add mass with |∆ZCG| (up to ∼19% of body
mass), and the resulting parallel-axis inertia increase is small
by comparison (∼0.6–1.8% of Iyy,0 = 3.35×10−4 kg m2 [8]
at the sweep extremes), so Equation 5 is best read as a fit
to mass-and-offset-coupled configurations rather than a pure
CG-height effect, which is a further reason the vertical rela-
tion is confirmed in direction but not tightly in magnitude.

Figure 6: Pitch-servo total variation (left) and reversal rate
(right) vs. ∆ZCG.

Servo activity corroborates this: both TVm1 and νcross
rise away from ∆ZCG = 0, steeper on the lower side. A
cross-axis check shows σθp varying by only∼3 deg across the
fore–aft range, confirming that pitch-oscillation amplitude is
vertically driven and fore–aft independent.

5 TRIM MODEL

Equations 4 and 5 are packaged into a simple payload-
placement model. The system CG is computed by mass-
weighted combination of the bare-platform CG with the
payload-component centroids; each component is treated as
a point mass (its own area moment is one to two orders of
magnitude below the parallel-axis contribution [5]), and the
inertia tensor is updated about the new CG. The model returns
predicted pitch trim and oscillation amplitude, valid within
the tested envelope:

−1.75 ≤ ∆XCG ≤ +2.86 mm,

−17.55 ≤ ∆ZCG ≤ +10.87 mm. (6)

Configurations outside this envelope are flagged as unsup-
ported extrapolations. A compact inspection payload sits well
inside both bounds. Of the two outputs, the pitch-trim predic-
tion is the quantitatively reliable one; the oscillation ampli-
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tude should be read as an indicative magnitude and a depend-
able indicator of trend rather than a tight point prediction.

6 INTEGRATED-PAYLOAD COMPARISON

To test the model against a real build, a sensing configu-
ration was assembled: an OpenMV AE3 global-shutter cam-
era (1 MP, 120 fps, 5 g, integrated 8×8 ToF sensor & IMU),
a downward optical-flow/ToF sensor, and a ultra-wideband
(UWB) positioning deck + ToF sensor pack, totalling 15.1 g.
The build shifts the system CG by ∆XCG = −1.32 mm and
∆ZCG = −0.69 mm (1.50 mm total), which sits inside the
envelope of Equation 6.

The integrated build and the bare platform were each
flown six times under the same free-hover protocol. Ta-
ble 2 compares the model-predicted change (integrated minus
bare) against the measured within-session change. Because
the bare-platform trim baseline drifts between sessions, only
within-session deltas are compared; the relation is predictive
on the deltas despite this baseline drift.

Quantity Predicted ∆ Measured ∆ Residual

Pitch trim (deg) +1.29 +1.11 −0.18
Pitch oscillation (deg) +0.41 +0.83 +0.42

Table 2: Model-predicted versus measured within-session
change (integrated minus bare platform), second test session,
n = 6 bare and n = 6 integrated flights (oscillation row:
n = 5 bare, one flight excluded for a motion-capture tracking
fault).

Predicted and measured pitch trim agree in sign and mag-
nitude: the model predicts a +1.29 deg nose-up shift for the
−1.32 mm aft CG offset, against a measured +1.11 deg, a
residual (−0.18 deg) within the bare-platform flight-to-flight
spread (σ = 0.19 deg). The integrated build therefore does
not measurably degrade static stability, and the trim relation
of Equation 4 carries over from the controlled sweep to a real
build.

The oscillation row of Table 2 is reported for complete-
ness but is a weak test of Equation 5: the build’s vertical CG
shift is small (∆ZCG = −0.69 mm), so the predicted change
(+0.41 deg) is itself comparable to the flight-to-flight scatter.
The measured amplitude rose by +0.83 deg, in the predicted
direction but overshooting the prediction, which is consis-
tent with the oscillation relation being established by the full
±17 mm sweep of Section 4 rather than by this near-centred
build. This is the expected asymmetry between the two re-
lations: fore–aft trim is predicted to within its flight-to-flight
spread, whereas vertical oscillation amplitude is confirmed in
direction but not closely in magnitude.

6.1 Camera mount position and detection rate
So far CG placement has been treated as a flight-

performance question. It is also a sensor-performance ques-

Figure 7: Integrated-build validation. For each quantity, bare-
platform (blue) and integrated-build (orange) per-flight val-
ues are shown with their means (horizontal bars); the red star
marks the model-predicted integrated value (bare mean plus
predicted change). Trim matches the prediction within scat-
ter; oscillation rises as predicted in direction but overshoots
in magnitude.

tion: where the camera sits relative to the CG sets how much
of the airframe’s pitch motion affects image acquisition via
motion blur.

To show this, the AE3 camera was flown over a fixed
AprilTag target during hover in two mounting positions (Fig-
ure 8). In the first the camera sits close to the system CG; in
the second it is mounted about 20 mm lower, at a longer arm
from the CG.

Near-CG mount Below-CG mount

Figure 8: Side views of the two camera mounting positions
tested. The near-CG mount (left) places the camera close to
the system CG; the below-CG mount (right) places it about
20 mm lower.

What sets the two mounts apart is the magnitude of the
total CG shift from the bare-platform reference: 1.16 mm for
the near-CG mount and 2.70 mm for the below-CG mount,
about 2.3× larger. Tag detections were extracted offline over
the in-window hover frames. The near-CG mount detected
the tag in 24.3% of frames against 13.6% for the below-CG
mount, a factor of 1.78.

At a larger arm l from the CG, a given body angular rate
ω produces a proportionally larger linear velocity at the im-
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Near-CG mount Below-CG mount

Figure 9: Flying image results from the two mounts. Near the
CG (left), below the CG (right)

age plane (v ≈ ωl), so the below-CG camera sweeps more
image motion into each frame and blurs a larger fraction of
them. In short, the larger the body angular rate the camera ex-
periences, the more it degrades the captured image; mounting
the camera close to the CG therefore minimises this image-
plane motion and maximises detection rate, the same place-
ment that minimises trim demand. Figure 9 shows this di-
rectly – the same tag imaged sharply from the near-CG mount
and smeared from the below-CG mount.

7 CONCLUSION

We characterised how centre-of-gravity placement affects
flight on a bio-inspired flapping-wing MAV through a con-
trolled two-axis mass-placement sweep on the Flapper Nim-
ble+. Fore–aft CG offset drives steady-state pitch trim near-
linearly at −0.97 deg/mm (r = −0.97), and vertical CG off-
set drives pitch-oscillation amplitude at +0.60 deg/mm (r =
+0.95); each relation is corroborated by independent servo-
activity metrics and confirmed axis-specific by cross-axis
checks. The reported slopes and intercept are calibration con-
stants of this specific airframe and should not be transferred
numerically to other platforms; what is expected to gener-
alise is the underlying mechanism – CG-referenced pitch trim
scaling and vertical-offset-driven oscillation (Equation 1) –
rather than its magnitude, consistent with qualitatively similar
CG sensitivities reported for other tailless FW-MAVs [6, 7].
Packaged as a bounded linear model, the fore–aft relation
predicts the pitch trim of an integrated greenhouse-inspection
build to within the bare-platform flight-to-flight spread, vali-
dating it as a quantitative placement tool. The vertical relation
is confirmed in direction–oscillation amplitude rises with ver-
tical CG offset in both the sweep and the integrated build–but
its larger flight-to-flight variability makes the precise ampli-
tude harder to predict, so it is best used as a bounded trend.
The practical rule is direct: place payload mass close to the
bare-platform CG fore–aft to minimise trim demand, and with
minimal vertical offset from it to minimise oscillation. Future
work centres on tightening the oscillation prediction through
an expanded integrated-build campaign under a stabilised po-
sition hold and closed-loop system identification, alongside
a payload-aware feedforward trim schedule and autonomous
corridor flight with the integrated build inside a commercial
greenhouse.
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Pitch stabilisation and longitudinal control of a
hummingbird-inspired drone using an active tail

Arno Melis*, Jeroen Vanpoucke, Thomas Roelandt, Jan Swevers, Dirk Vandepitte
KU Leuven, Celestijnenlaan 300 box 2420, 3001 Leuven, Belgium

ABSTRACT

This paper examines the use of an active tail for
pitch stabilisation and longitudinal control of a
hummingbird-inspired flapping-wing drone. The
tail is positioned underneath the wings such that
actuation of the tail angle redirects the airflow
underneath the wings, resulting in a pitch con-
trol torque. A tail model derived from actuator
disc theory and the blade element method is in-
tegrated into a free-flight simulation framework
for longitudinal flapping-wing flight. Simulation
results demonstrate that a linear quadratic regu-
lator effectively stabilises the system and tracks
a desired pitch angle. By incorporating veloc-
ity and position PI controllers in a cascaded ar-
chitecture, the drone is additionally able to fol-
low a longitudinal position reference. Experi-
mental tests on an unstable, pitch-only gimbal
setup demonstrate that the linear quadratic regu-
lator can successfully stabilise the system. The
experimental results follows the same trend as
the predictions from simulation, although addi-
tional oscillations are observed that do not ap-
pear in the simulated results.

1 INTRODUCTION

Engineers have drawn inspiration from the remarkable
ability of insects and hummingbirds to recover from colli-
sions and execute agile manoeuvres, leading to flapping-wing
micro aerial vehicles (FWMAV). These drones mimic the
characteristic front-to-back wing motion seen in their biolog-
ical counterparts. Beyond agility, flapping-wing drones also
offer improved safety compared to conventional rotary-wing
aircraft. Their lightweight wings operate at lower frequencies
than rotor blades resulting in less harmful collisions for both
the drone and its surroundings.
Recent research on flapping-wing drones has yielded func-
tional prototypes across a wide range of scales. At the larger
end of the spectrum, the Flapper Nimble+ is a commercially
available platform with a wingspan of 49 cm [1]. At the oppo-
site extreme, the Robobee, with a wingspan of only 3.5 cm,
is situated at the insect scale [2]. Between these scales, a
number of hummingbird-sized drones with wingspans rang-
ing from 15 to 25 cm have been developed [3, 4, 5]. A key

*Email address: arno.melis@kuleuven.be

challenge with insect-like flapping-wing flight is its inherent
instability. Both in the longitudinal and lateral planes unsta-
ble oscillatory modes are present [6]. Active control is es-
sential to stabilise the drone during flight. Nature offers sev-
eral strategies, for example, insects and hummingbirds can
shift their centre of gravity and modulate their wing motion
to generate control torques. This paper investigates another
mechanism used by hummingbirds: a tail [7]. Positioned un-
derneath the wings, the tail can be angled to redirect airflow,
which in turn produces a control torque. In addition, aerody-
namic drag acting on the tail generates damping forces that
can contribute to passive flight stability.
Previous studies have demonstrated that incorporating a tail
into an FWMAV, either as an active control surface or as a
passive stabilising element, can improve flight stability and
facilitate trajectory tracking [8, 9, 10, 11, 12]. Existing ap-
proaches typically rely on largely empirical descriptions of
tail-wake interactions combined with conventional PID-based
controllers. As a result, the relative effectiveness of different
modelling assumptions and control strategies has not yet been
systematically established.
This work further explores the use of an active tail on a
hummingbird-scale flapping-wing drone. The analysis fo-
cuses on the KUlibrie platform, developed at KU Leuven,
which has a wingspan of 195 mm and a mass of 15.8 g [13].
This paper establishes an aerodynamic tail model for an FW-
MAV and integrates it into a free flight simulation of the
KUlibrie. This simulation is used to design and validate a
tail movement strategy capable of stabilising the drone pitch
angle and controlling its position. A linear quadratic regula-
tor (LQR) approach is applied for pitch stabilisation, which is
experimentally validated on a test setup that only allows the
drone to move around its pitching axis.

2 KULIBRIE DRONE PLATFORM

Figure 1 shows a render of the current prototype of the
KUlibrie equipped with a tail. The wings consist of a Mylar
foil attached to a carbon fibre frame, and are driven by a res-
onant actuation system [14]. Two DC motors independently
drive the wings through a gear transmission. At the base of
each wing, a torsion spring recovers kinetic energy by storing
it as potential energy during stroke reversal and releasing it
to support the subsequent stroke. To improve efficiency, the
motors operate close to the system natural frequency, result-
ing in resonant wing motion. In the case of the KUlibrie, this
resonant flapping frequency is 20 Hz.
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The tail of the KUlibrie is actuated directly by a servo MAS-
RTER DS 208 motor, which only allows tail rotation around
the motor axis, parallel with the pitch axis. The tail surface is
constructed from ROHACELL 51, a lightweight foam. The
tail chord length varies along its span, with the largest chord
located near the tips. This region underneath the wing tips
experiences the strongest downward airflow generated by the
flapping wings [13], resulting in higher aerodynamic force
production when the tail surface is located there. The tail is
mounted at 2.5 wing chord lengths behind the leading edge of
the wings. The tail adds a mass of mt = 5.2 g to the KUlibrie
weight (1.7 g due to the motor, 1.1 g due to the tail surface,
2.4 g due to connection parts).
Wing and tail actuation are controlled by a SEEED XIAO
nRF52840 Sense microcontroller, which incorporates a
3-axis gyroscope and a 3-axis accelerometer to estimate the
drone attitude.

Figure 1: Render of the KUlibrie prototype with tail, with
indication of body (xd, yd, zd) and earth (xE , yE , zE) coordi-
nate system together with the velocity (u, v, w), angular ve-
locity (p, q, r) and attitude (ϕ, θ, ψ) components

3 FLIGHT MODEL

The flight model of the KUlibrie with tail describes
the drone motion as the combined result of wing and tail
actuation. It is based on the Newton’s equations of motion,
which determine how the drone velocity and position evolve
under the influence of external forces. Following standard
aircraft conventions, all kinematic and dynamic quantities
are expressed in a body-fixed coordinate system attached to
the drone. Figure 1 illustrates this coordinate frame, denoted
(xd, yd, zd), where the xd-axis points forward along the body,
the yd-axis points to the right wing, and the zd-axis points
downward. Drone velocity components (u, v, w), angular
velocity components (p, q, r), force components (X,Y, Z),
and moment components (L,M,N ) are all defined in this
reference frame.

The longitudinal equations of motion in this body-fixed
frame are given by:

u̇ = −qw +
Xwings

m
+
Xtail

m
− g sin θ, (1)

ẇ = qu+
Zwings

m
+
Ztail
m

+ g cos θ, (2)

q̇ =
Mwings

Iy
+
Mtail

Iy
, (3)

θ̇ = q. (4)

Here, Iy is the moment of inertia around the pitching axis
(yd), m the drone mass and g the gravitational acceleration.
The forces and moments are decomposed into contributions
from the wings and the tail.
These differential equations are implemented in simulation
using a forward Euler integration scheme with a 1 ms time
step. At each simulation time step, the aerodynamic models
for the wings and tail compute their respective forces and mo-
ments, which are applied in the equations of motion to update
the drone’s velocities and orientation.

3.1 Wing Forces

A model based on the work of Wang et al. [15] deter-
mines the forces on the wings. The model is quasi-steady,
meaning that wing forces only depend on the current velocity
of the wing. It is also a blade element model, meaning that
the wing is divided into thin chordwise sections and aerody-
namic force contribution is calculated at each section. Fig-
ure 2 qualitatively illustrates such a chordwise element. In
this study, the blade elements have a 0.1 mm width, and the
aerodynamic force is assumed to be perpendicular to the wing
surface. Previous research using the KUlibrie has already val-
idated this model both using fluid simulations and experimen-
tal measurements [13, 16].

Figure 2: Illustration of a blade element of the wing and tail,
together with the stroke plane sections
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3.2 Tail Forces
The forces on the tail are calculated in two steps, first the

local downwards velocity of the air at the tail is estimated,
and second, the force on the tail is estimated based on this
local air velocity.
The velocity field of the air underneath the wings is estimated
using actuator disc theory. This method uses the upward
force on the wings to estimate the downward velocity
imparted on the air, using momentum theory. Previous works
used the entire stroke plane (cf. Figure 2) as the actuator disc
[17], yielding the following expression for the downwards
velocity component of the air underneath the wing:

Vz =

√
T

2ρS
. (5)

With Vz the downward velocity component of the air, T the
upward thrust generated by the wings, ρ the air density and
S the total area of the stroke plane.
For a more detailed estimate of the downward velocity, the
approach in this paper splits up the stroke plane up into
annular contributions (cf. Figure 2). The upward force
generated within each annular section is calculated using the
blade element model of the wing forces. The local downward
velocity component is:

Vz(r) =

√
dT

2ρdS
. (6)

With dT the thrust generated by the annular wing section
encompassed by the area dS, and located a distance r from
the rotation point of the wing.
The previous formulations give the vertical air velocity at
the wing leading edge. To estimate the velocity lower down
at the tail position, actuator disc theory predicts that the
velocity component rises until it has doubled its value at
the leading edge. However, experimental measurements of
the downward flow beneath flapping wings indicate that this
evolution is no longer accurate beyond approximately two
wing chord lengths below the wings [13, 18]. Moving further
downwards, the downward velocity component becomes
smaller. To implement this velocity profile in the model, a
scaling factor of the maximum velocity is added based on
experimental measurements on the KUlibrie. This gives the
following model:

Vz(r, s) = Ω(s)

√
dT

2ρdS
. (7)

With s the vertical distance to the leading edge of the wing
(cf. Figure 2), and Ω the scaling factor established from the
measurements conducted in [13]. For the current tail loca-
tion: Ω(2.5c) = 1.4.
A blade element model of the tail divides the tail into chord-
wise elements to estimate the tail force. The force contribu-

tion on each element is calculated using a flat plate model
where the lift and drag coefficients are given by:

CL = 2sin(AoA)cos(AoA), (8)

CD = 2sin2(AoA). (9)

With AoA the local angle of attack of the tail blade element,
resulting from the tail angle, local air velocity and tail veloc-
ity.

3.3 Actuation Dynamics
The actuation limits of the tail motor and wing motors

are implemented in the simulation. First, the maximum ro-
tation speed of the tail motor of 10 rad/s is prescribed in the
simulation. For the wing movement, the simulation does not
explicitly account for motor dynamics. Instead, wing motion
is assumed to follow a roll-off square wave, as proposed in
[19]. To avoid sudden jumps in wing velocity, a change in
the stroke amplitude is only applied at the end of each up-
or downstroke when the wing is instantaneously stationary.
Finally, because the current tail design exceeds the current
drone lift capacity, the tail mass in simulation is artificially
reduced to the tail motor mass mt = 1.7 g.

4 CONTROL METHODOLOGY

Figure 3 illustrates the control architecture used in this
paper. The drone employs two control actions: adjustment of
the tail angle δt generates a pitching torque, and modification
of the wing stroke amplitude ϕm increases thrust. Together,
these inputs control two longitudinal degrees of freedom. In
this work, the two longitudinal position coordinates (xE , zE)
are controlled trough a cascaded control structure. The po-
sition reference is first processed by the position controller,
which outputs a desired velocity (Vx,ref, Vz,ref). This velocity
reference is transformed into the drone body frame to obtain
reference commands for u and w. Each value is sent to its re-
spective controller: the w-controller determines the required
stroke amplitude ϕm, while the u-controller computes a pitch
reference θref. This pitch reference is passed to the pitch con-
troller, which calculates the necessary tail deflection δt.

4.1 Control Model
The full equations of motion from equations 1 - 4 are use-

ful for simulation purposes, however they are too complex for
direct use in controller design. A stroke-averaged linearised
formulation makes the system tractable for controller design.
This is obtained as follows: the forces are averaged over one
stroke period and linearised around hover using their first or-
der Taylor expansion. The movement in the zE direction can
be decoupled, leading to the following state space models [6]:




u̇

q̇

θ̇


 =




Xu

m
Xq

m −g
Mu

Iy

Mq

Iy
0

0 1 0







u

q

θ


+




Xδ

m

Mδ

Iyy

0


 δt, (10)

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 197



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-24 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

Figure 3: Block diagram of the cascaded controller structure

ẇ =
Zw
m

w +
Zϕ
m

ϕm. (11)

The parameters of this model such as Zw represent a partial
derivative of a stroke-averaged force component (here Z)
with respect to a motion component or control input (here
w). These quantities, commonly referred to as stability
derivatives, each have a physical interpretation. Diagonal
elements of the system matrix correspond to damping effects,
whereas off-diagonal elements represent coupling between
different directions of motion. The model parameters Mδ ,
Xδ and Zϕ describe the influence of the corresponding
control actions on the system motion.
Because of the decoupling of w, the control problem can
be separated such that the tail angle is used to control θ,
while w is controlled through the stroke amplitude. This
decoupling justifies the earlier division of the architecture
into a w-controller and a θ-controller.

4.2 Pitch Controller Design
The longitudinal dynamics of the drone described by

Equations 1 - 4 are unstable, exhibiting an unstable oscilla-
tory mode in both u, θ and q [6]. To counteract this coupled
oscillation, a state-feedback controller is employed, more
specifically a linear quadratic regulator (LQR). Figure 4a.
presents the block diagram of the LQR controller, which uses
the system states θ, q, and u as feedback. The feedback ma-
trix K is obtained by minimising the following cost function:

J =

∫ ∞

0

(
ρ θ2(t) + δ2t (t)

)
dt. (12)

ρ is a weighting constant that balances tracking performance
and control effort. An extension of the LQR controller is the
linear quadratic integral (LQI) controller. Figure 4b. shows
the block diagram of the LQI controller. This controller in-
troduces an integral state to reduce steady-state errors. The
inclusion of this integral state modifies the optimisation prob-
lem as follows:

J =

∫ ∞

0

ρ

(
θ2(t) + α

(∫ t

0

e(τ) dτ

)2
)

+ δ2t (t) dt. (13)

The additional weighting factor α determines the trade-off
between the instantaneous error penalty and the accumulated
error.

Figure 4: Block diagram of a) an LQR controller and b) an
LQI controller

With both control types the state data is first passed
through a moving average filter with a period of one stroke
cycle before being fed back to the controller. This reduces
the effect noise due to body oscillations of the drone. These
rapid oscillations at the flapping frequency of the drone were
averaged out during controller design, meaning that they rep-
resent unwanted noise on the feedback data.

4.3 Velocity and Position Controller Design

With the drone movement stabilised by the pitch con-
troller, the remaining controllers in the architecture, namely
the velocity and position controllers, act on systems that are
already stable. For these subsystems, standard PI control is
selected. The PI gains are tuned manually by balancing ref-
erence tracking accuracy against actuator effort, aiming at
preventing actuator saturation for the given reference signals.
Although the balance between speed and actuator limits de-
pends on the specific application, in this paper the controller
gains are adjusted to track a step input on the position to (0.5
m, -0.5 m) as closely as possible.
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Figure 5: Experimental setup that only allows pitching rota-
tion

4.4 Experimental Pitch Control Setup

Figure 5 shows the experimental setup to validate the
LQR approach for pitch control. The KUlibrie is mounted
on a ball bearing, restricting all degrees of freedom except
the pitch rotation. Added weight on top of the drone moves
its centre of gravity 2.1 mm above the fulcrum leading to an
unstable system akin to free flight. This setup avoids crashes
and isolates the performance of the pitch controller. How-
ever, because it only allows pitching movement, it does not
fully capture the front-to-back unstable oscillating mode of
free flight.
During the experiment θ and q are estimated using the on-
board gyroscope and accelerometer together with a Kalman
filter, the design of which is discussed in [20]. In addition,
drone pitch angle is measured by visual tracking. This data
is used after the experiment as an absolute measure for the
estimation and tracking performance.

5 RESULTS

5.1 Simulation Results

Figure 6 shows the simulation results of a step reference
input of θreference = 3◦ applied at t = 6 s to the LQR pitch
controller in free flight for three distinct values of the weight-
ing factor ρ = {0.1,1,10}. It shows the pitch angle θ and tail
angle δt of the drone during the free flight simulation. To
ease interpretation, in this and following figures, the stroke
averaged value of θ is shown. This removes the body oscil-
lations, with an amplitude of about 3◦. The results show that
for all the displayed values of ρ the LQR controller is able to
stabilise the pitch angle of the drone after a start-up transient.
As expected, the higher values of ρ track the step input faster,
but need larger tail movements. To this end, ρ = 100 and
higher (not shown in the figure) would not stabilise the start-
up transient as the tail actuator saturates. Each of the LQR
controllers has a steady-state error due to the differences be-
tween the simulation and stroke-averaged linearised system.

Figure 6: Simulation results of the LQR controller for ρ =
{0.1, 1, 10}. The inserts show a zoom for the time interval
[5.5 s; 7.5 s]

Figure 7: Simulation results of the LQI controller for ρ =
{0.1, 1} and α = {10, 100}. The inserts show a zoom for the
time interval [5.5 s; 7.5 s]

The results indicate that the steady-state error decreases as
the value of ρ increases.
Figure 7 shows the simulation results of the same step refer-
ence applied to the LQI controller with various values of ρ
and α. After a start-up transient, the LQI controller can also
stabilise the free flight system. Again, higher values of ρ and
α lead to better tracking performance, but larger tail move-
ments. As opposed to the LQR controller, the LQI controller
does not have a steady-state error, due to the integrator.
Figure 8 shows the simulation results of the cascaded con-
trol structure tracking a step position input of (0.5 m, -0.5
m), showing that the cascaded structure successfully tracks
the reference. The results show that the settling time in the
xE-direction is 5.8 s with an overshoot of 15%. The tracking
in the zE-direction is faster, with a settling time of 3.6 s and
no overshoot. Due to the integral action of the PI controller
both axis show zero steady state error.

5.2 Experimental Results
Figure 9 and 10 show the experimental results of a ramp

input reference of the LQR and LQI controller on the gimbal
setup respectively. The ramp input reference goes from 0◦ to
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Figure 8: Simulation results of the cascaded controller track-
ing a (0.5 m, -0.5 m) step input

20◦ in 2 s. The figures show the estimated pitch angle through
the Kalman filter, and the actual pitch angle measured through
a camera equipped with visual tracking software. The results
show that the Kalman filter estimates the pitch angle with
good accuracy. Both the LQR and LQI controllers stabilise
the system and track the reference. Despite this, added oscil-
lations are observed, with a maximum amplitude of approx-
imately 10◦. The oscillation frequency is significantly lower
than the flapping frequency of 20 Hz, suggesting that the pul-
sating wing forces are not the primary cause. A likely source
of these oscillations are modelling errors. For instance, if the
rotational damping in the model is underestimated, the result-
ing controller may be overly aggressive, leading to oscillatory
behaviour. Other modelling inaccuracies, such as unmodelled
tail motor dynamics or errors in the tail force model, may also
contribute.
Comparing controller parameters, larger values of ρ and α re-
sult in a faster response, as expected. However, for ρ = 10
and α = 10, the increased controller aggressiveness leads to
larger oscillations. Conversely, lower values of ρ or α yield
a slower response. In particular, the performance of the LQR
controller with ρ = 0.1 is significantly degraded due to the
system’s slow reaction time.

Figure 11 shows the comparison of the experimental re-
sults, the prediction from the linear system and from the sim-
ulation. It shows that the linear system and the simulation are
almost identical, differing by the simulation having a start-up
transient. The experimental result shows roughly the same
evolution as the simulation, however it has the added oscilla-
tions on top.

6 STUDY LIMITATIONS

The wing force model employed in this work is based
on a quasi-steady blade element formulation, which assumes
rigid wings and neglects three-dimensional aerodynamic ef-
fects. Although this modelling approach has been validated

Figure 9: Experimental results of the LQI controller to a ramp
input for values of ρ = {1, 15 , 1

10}

Figure 10: Experimental results of the LQI controller to a
ramp input for ρ = {0.1, 1} and α = {1, 10}
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Figure 11: Comparison of the experimental, linear system
and simulation results of the LQI controller

in both fluid simulations and static experiments [13, 16], the
influence of forward flight velocity and wing deformation re-
mains uncertain. The tail force model is founded on similar
assumptions and additionally relies on actuator disc theory,
which neglects vortex structures in the wake of the drone.
Further detailed validation of this model is therefore required.
Finally, while the pitch control strategy is experimentally val-
idated in this study, the complete cascaded control architec-
ture has yet to be validated experimentally.

7 CONCLUSION AND FUTURE WORK

This paper analyses the longitudinal control of a
hummingbird-inspired flapping-wing drone equipped with an
active tail. The proposed tail is mounted beneath the wings
and is directly actuated by a servo motor. A cascaded con-
trol architecture is explored, in which the position and veloc-
ity loops are implemented using PI controllers, while pitch
control is achieved using a linear quadratic regulator. Con-
troller gains are derived from a stroke-averaged, linearised
free-flight model. The resulting controllers are evaluated in
simulation using an actuator disc approach combined with a
quasy-steady blade element method. Simulation results show
that the LQR controller stabilises the system and tracks a
step reference in pitch. However, differences between the
stroke-averaged linear model and the higher-fidelity simula-
tion introduce a steady-state error in pitch tracking. Augmen-
tation of the LQR controller with integral action removes this
steady-state error. Simulations of the complete cascaded con-
trol loop demonstrate that the system is capable of tracking a
position reference of (0.5 m, -0.5 m).
Experimental validation of the pitch control strategy is per-
formed using a gimbal setup that restricts the system to pitch
motion only, with additional mass added to the drone to in-
duce instability. The results demonstrate that the LQR con-
troller is capable of stabilising the system. The measured re-
sponses exhibit trends similar to those observed in simulation,

but with additional oscillations, which are likely caused by
modelling errors. The next step for improving controller per-
formance is to carry out system identification experiments for
both stationary and free-flight conditions, in order to improve
model fidelity and support more accurate controller design.
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Experimental Identification of the Yaw Damping
Derivative of a Flapping-Wing Micro Air Vehicle

D.-J. Liu and W.-L. Chan*

National Cheng Kung University, No. 1, Ta-Hsueh Road, Tainan, Taiwan

ABSTRACT

This paper presents an experimental method
for identifying the yaw damping derivative of
a tailed flapping-wing micro air vehicle (FW-
MAV). Although flapping-wing vehicles ex-
hibit highly coupled unsteady aerodynamics,
experimental characterization of their lateral–
directional stability derivatives remains limited.
A robotic-arm-based test platform was devel-
oped to impose controlled yaw motions under
prescribed angles of attack and sideslip condi-
tions while measuring the resulting aerodynamic
forces and moments. The platform integrates a
six-axis force/torque sensor, optical motion cap-
ture, synchronized data acquisition, and a fan-
array facility to reproduce a forward-flight inflow
condition.

Experimental results show that the yawing mo-
ment exhibits a clear and repeatable depen-
dence on yaw rate, enabling identification of
the yaw damping derivative, Nr. The identi-
fied values remain negative throughout the tested
conditions, indicating that the vehicle gener-
ates a restoring yawing moment opposing yaw-
rate perturbations. In contrast, the side-force
response shows no consistent yaw-rate depen-
dence, while the roll moment is governed pri-
marily by sideslip angle rather than yaw rate.
These findings provide experimental evidence of
passive yaw damping in a tailed FWMAV and
demonstrate the feasibility of robotic-arm-based
forced-motion testing for identifying lateral–
directional stability derivatives to support flight
dynamics modeling and controller development.

1 INTRODUCTION

Flapping-wing micro air vehicles (FWMAVs) represent
a class of bio-inspired flying machines that generate lift and
thrust through reciprocating wing motion. At small scales
and low Reynolds numbers, their aerodynamic behavior dif-
fers substantially from that of conventional fixed-wing and
rotary-wing vehicles. Unsteady mechanisms such as clap-
and-fling, leading-edge vortex formation, wake capture, and

*Email address: woeileong chan@gs.ncku.edu.tw

wing flexibility contribute significantly to their force and mo-
ment generation [1, 2, 3, 4]. These mechanisms offer poten-
tial advantages in agility and low-speed flight, but they also
make the dynamic modeling and control of FWMAVs chal-
lenging.

For control-oriented flight dynamics, aerodynamic stabil-
ity derivatives provide a compact way to describe how forces
and moments vary with motion states such as angle of at-
tack, sideslip angle, and angular rates. However, compared
with conventional aircraft, the stability derivatives of FW-
MAVs remain insufficiently characterized. Existing studies
have examined insect flight stability, simulation-based FW-
MAV dynamics, and system identification of flapping-wing
vehicles [5, 6, 7, 8]. Among experimental FWMAV studies,
the DelFly family is one of the few platforms for which dy-
namic models have been identified from flight data [9, 10].
Such free-flight identification is valuable because it directly
reflects the behavior of the vehicle in flight, but it is naturally
limited to flight regimes that are stable, repeatable, and safely
achievable.

A complementary approach is to prescribe controlled mo-
tion in a laboratory environment while measuring the result-
ing aerodynamic forces and moments. This idea is closely
related to the classical forced-oscillation method used for air-
craft stability-derivative identification, in which a model is
driven about a specified axis and the aerodynamic response
is measured [11]. Robotic-arm-based aerodynamic testing
extends this idea by allowing flexible motion trajectories
and large attitude excursions. In previous work, a fan-array
robotic-arm method was developed for CKopter-1 and used to
identify pitch-rate stability derivatives over a broad angle-of-
attack range [12]. That study demonstrated that the method
can provide useful dynamic-derivative data even in regimes
where sustained free flight is not feasible. The present work
extends this methodology from longitudinal pitch-rate dy-
namics to lateral–directional yaw-rate excitation.

In lateral–directional dynamics, yaw damping is a key in-
dicator of directional stability. The yaw-moment derivative
with respect to yaw rate, Nr, describes how the yawing mo-
ment changes in response to yaw-rate perturbations. A neg-
ative Nr indicates that the vehicle generates a yawing mo-
ment opposing the yawing motion, thereby providing stabi-
lizing yaw damping. Such damping is particularly important
for FWMAVs because their low inertia, unsteady aerodynam-
ics, and multi-axis coupling can make the lateral–directional
response difficult to predict from geometry alone. Passive
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aerodynamic damping has also been discussed in the context
of flapping flight and biological flyers, where it contributes to
disturbance rejection and flight stability [13, 14].

This paper presents a robotic-arm-based experimental in-
vestigation of the yaw damping characteristics of a tailed
flapping-wing micro air vehicle (FWMAV). Controlled yaw-
sweep motions are imposed under prescribed angles of attack
and sideslip conditions while synchronized force/moment
and motion measurements are acquired. The primary ob-
jective is to experimentally identify the yaw damping deriva-
tive, Nr, and to characterize the associated lateral-directional
aerodynamic responses. The proposed methodology extends
forced-motion testing to flapping-wing MAVs and provides
an experimental framework for identifying lateral-directional
stability derivatives to support flight dynamics modeling and
controller development.

2 EXPERIMENTAL SETUP AND METHODOLOGY

2.1 Flapping-wing MAV platform
The test vehicle used in this study is the tailed flapping-

wing micro air vehicle (CKopter-1) previously reported by
Chan et al. [12]. The vehicle has a total mass of 17.25 g,
a wingspan of 200 mm, and employs a pair of reciprocating
wings to generate lift and thrust, while a conventional tail pro-
vides longitudinal and directional stability and control. A de-
tailed description of the vehicle design, flapping mechanism,
structural configuration, and aerodynamic characteristics can
be found in [12].

The center of gravity (CG) of the fully assembled FW-
MAV was determined experimentally by balancing the ve-
hicle on a fine support point until static equilibrium was
achieved. The measured CG location was subsequently used
to transform the forces and moments measured by the six-axis
force sensor from the sensor reference frame to the vehicle
CG. A detailed description of the coordinate transformation
is available in [12].

To facilitate comparison with the previously identified
longitudinal dynamic derivatives, the same experimental con-
figuration and trim condition were adopted throughout this
study. The flapping mechanism was operated at the exper-
imentally determined steady-level-flight condition reported
in [12], corresponding to a flapping frequency of 14 Hz under
a nominal incoming flow of approximately 2 m/s. The eleva-
tor and rudder were fixed at their trim positions throughout all
experiments so that variations in the measured aerodynamic
forces and moments could be attributed primarily to the pre-
scribed yaw motion.

The objective of the present experiments was to iden-
tify the yaw damping derivative, Nr, under different angles
of attack and sideslip conditions. In addition to the yawing
moment, the side force and rolling moment were also exam-
ined to assess whether other lateral–directional aerodynamic
derivatives associated with yaw-rate excitation could be reli-
ably identified using the proposed robotic-arm-based experi-

mental method.

Figure 1: Tailed flapping-wing MAV platform used in this
study.

2.2 Robotic-arm-based dynamic test setup

A robotic-arm-based experimental setup was developed
to impose repeatable yaw motions on the FWMAV. The ve-
hicle was mounted on a support structure connected to a
six-axis force/torque sensor (ATI Nano17 Titanium, ATI In-
dustrial Automation, USA), which measured the three-axis
forces and moments throughout the prescribed yaw-sweep
motion. The sensor outputs were synchronized with the
robotic-arm motion and the optical motion-capture measure-
ments for subsequent aerodynamic derivative identification.
This setup extends the fan-array robotic-arm methodology
previously developed for pitch-rate dynamic characteriza-
tion of a flapping-wing MAV to the identification of lateral–
directional derivatives under yaw-rate excitation [12].

An optical motion-capture system (Vicon Motion Sys-
tems Ltd., UK) was used to measure the actual position and
attitude of the FWMAV throughout each experiment. Al-
though the robotic arm prescribed the desired yaw-sweep
motion, the commanded trajectory was not used directly for
aerodynamic derivative identification. Instead, the motion-
capture measurements were used to determine the actual ve-
hicle attitude and yaw rate, thereby accounting for any de-
viations arising from robot tracking errors, structural com-
pliance, or mounting flexibility. The motion-capture and
force/moment measurements were synchronized through a
common frame-based data acquisition procedure, enabling
the measured aerodynamic loads to be correlated with the in-
stantaneous vehicle motion.

A fan-array flow facility was placed upstream of the
model to generate a controlled incoming flow. Since the
model was fixed to the robotic-arm platform, the incoming
flow was used to reproduce the relative flow condition expe-
rienced during forward flight. The incoming flow velocity at
the test location was measured using an Extech HD350 differ-
ential pressure manometer equipped with a Pitot tube. During
fan-array operation, the measured velocity fluctuated about a
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mean value of approximately 2 m/s. Accordingly, all exper-
iments were conducted under a nominal incoming flow con-
dition of approximately 2 m/s. A detailed characterization
of the spatial velocity distribution and turbulence intensity of
the fan-array flow was beyond the scope of the present study.

Figure 2: Synchronized robotic-arm-based experimental
setup for yaw-rate derivative identification.

2.3 Test conditions
The experiments were conducted over a range of angles

of attack and sideslip angles. The angle of attack was var-
ied from 30◦ to 60◦, encompassing the experimentally de-
termined steady-level-flight trim condition of approximately
45◦ reported in [12]. This range was selected to characterize
the yaw damping behavior in the vicinity of the nominal op-
erating condition while also examining the influence of mod-
erate deviations in angle of attack. The sideslip angle was
varied within the prescribed yaw-sweep range.

For each angle-of-attack condition, the robotic arm exe-
cuted a programmed yaw sweep from β = −45◦ to β = 45◦

at one of five prescribed sweep speeds, producing five cor-
responding yaw-rate conditions. To avoid the acceleration
and deceleration phases associated with the reversal of the
robotic-arm motion, only the data acquired between β =
−30◦ and β = 0◦ were used for the subsequent analysis.
This portion of the trajectory corresponded to the constant-
angular-rate region, ensuring that the identified aerodynamic
responses were associated with a well-defined yaw-rate exci-
tation. Each test condition was repeated five times to evaluate
experimental repeatability.

The lowest yaw-sweep speed was treated as the quasi-
static reference condition, while the higher sweep speeds
were used as the dynamic cases. By comparing the mea-

sured aerodynamic force and moment responses under dif-
ferent yaw-rate conditions, the yaw damping derivative was
identified.

Figure 3: Robotic-arm yaw-sweep motion used to impose
controlled sideslip and yaw-rate perturbations: (a) top view
showing the incoming flow direction and yaw rate; (b) iso-
metric view showing the center of rotation. The robotic arm
executes a programmed yaw sweep from β = −45◦ to 45◦.
Only the constant-angular-rate segment between β = −30◦
and 0◦ is included in the data analysis to avoid the accelera-
tion and deceleration phases of the robotic-arm motion.

2.4 Data processing
The force/moment and motion-capture data were first

synchronized using their corresponding frame indices. The
force and moment signals were transformed from the sen-
sor reference frame to the vehicle center of gravity using the
experimentally determined CG location, filtered, and resam-
pled to match the motion-capture sampling rate. Bias data
collected without incoming flow and without flapping mo-
tion were subtracted to remove the static contribution of the
mounting structure and sensor offsets.

The sideslip angle, β, was obtained from the attitude
measured by the motion-capture system, while the yaw rate,
r, was computed by differentiating the measured yaw-angle
signal. The measured motion, rather than the commanded
robotic-arm trajectory, was used throughout the aerodynamic
derivative identification to ensure that the estimated deriva-
tives corresponded to the actual kinematics experienced by
the vehicle.

The yaw damping derivative was calculated as

Nr =
∂N

∂r
, (1)

where N is the yawing moment about the center of gravity
and r is the yaw rate. For each angle-of-attack and sideslip-
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angle condition, the variation of yawing moment with yaw
rate was used to estimate Nr.

The side-force and roll-moment responses were also ex-
amined to assess whether other yaw-rate-related lateral–
directional effects could be identified. However, the side-
force response did not show a repeatable monotonic trend
with increasing yaw rate, and the roll-moment curves were
highly overlapped across yaw-sweep speeds. Therefore, the
final quantitative identification in this paper focuses on Nr,
while the Y and L responses are used qualitatively to inter-
pret the limitations and dominant aerodynamic trends of the
experiment.

3 RESULTS AND DISCUSSION

3.1 Lateral–directional force and moment response
The processed experimental data show that the side force

Y , yawing moment N , and rolling moment L respond differ-
ently to sideslip angle and yaw-sweep speed. Each test con-
dition was repeated five times. The solid curves in Figs. 4, 5,
and 6 represent the mean response of the five runs, while the
shaded regions denote ±1 standard deviation. The observed
variability primarily reflects cycle-to-cycle variations in the
unsteady flapping-wing aerodynamic loads and measurement
uncertainty rather than poor repeatability of the robotic-arm
motion.

Figure 4: Mean side-force response as a function of sideslip
angle at different yaw-sweep speeds for α = 60◦. Solid
lines denote the mean of five repeated experiments, while the
shaded regions indicate ±1 standard deviation. The response
does not show a clear monotonic trend with increasing yaw
rate.

Figure 4 shows the side-force response at α = 60◦. Al-
though the side force varies with sideslip angle, the responses
obtained at different yaw-sweep speeds do not exhibit a con-
sistent monotonic dependence on yaw rate. The separation
among the curves is comparable to the measurement variabil-

Figure 5: Mean yawing-moment response as a function of
sideslip angle at different yaw-sweep speeds for α = 60◦.
Solid lines denote the mean of five repeated experiments,
while the shaded regions indicate±1 standard deviation. The
systematic separation among the curves demonstrates a mea-
surable yaw-rate effect.

ity, indicating that the yaw-rate contribution to side force is
too small to permit reliable identification of the side-force
derivative, Yr.

In contrast, the yawing-moment response shown in Fig. 5
exhibits a clear and repeatable dependence on yaw-sweep
speed. As the yaw rate increases, the yawing-moment curves
shift systematically, demonstrating that the yawing moment
is sensitive to yaw-rate perturbations. This trend forms the
basis for identifying the yaw damping derivative, Nr. Phys-
ically, the imposed yaw rate generates an additional lateral
velocity at the tail, producing a restoring yawing moment.
Consequently, the measured negative values of Nr are con-
sistent with the expected stabilizing directional damping of
the tailed FWMAV.

Figure 6 shows that the rolling moment is governed pri-
marily by sideslip angle. The roll moment increases approx-
imately linearly as β changes from 0◦ to −30◦, while the re-
sponses at different yaw-sweep speeds remain highly over-
lapped. This indicates that the yaw-rate contribution to roll
moment is small, suggesting that Lr cannot be reliably identi-
fied under the present test conditions. Together with the side-
force results, this demonstrates that the dominant measurable
yaw-rate effect appears in the yawing moment.

3.2 Identified yaw damping derivative

The identified yaw-moment derivative with respect to yaw
rate, Nr, remained negative across the tested conditions. This
negative sign indicates that the yawing moment generated
by the vehicle opposes the imposed yaw-rate perturbation.
Therefore, the measured Nr represents a stabilizing yaw-
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Figure 6: Mean rolling-moment response as a function of
sideslip angle at different yaw-sweep speeds for α = 60◦.
Solid lines denote the mean of five repeated experiments,
while the shaded regions indicate±1 standard deviation. The
overlap among the curves suggests that the rolling moment is
governed primarily by sideslip angle rather than yaw rate.

damping effect.
The magnitude of Nr varied with angle of attack and

sideslip angle, reflecting the influence of the high-angle
flapping-wing flow field, tail interaction, and body orienta-
tion. Although the variation with angle of attack was not
strictly monotonic, Nr remained negative throughout the in-
vestigated flight envelope, indicating that the vehicle consis-
tently generated a restoring yawing moment in response to
yaw-rate perturbations.

Figure 7 summarizes the identified yaw damping deriva-
tive, Nr, as a function of angle of attack for the three tested
sideslip angles. The measured Nr values are generally on the
order of 10−3 Nms/rad.

3.3 Comparison with DelFly II

To assess the physical consistency of the identified yaw
damping derivative, the result was compared with the dimen-
sional yaw-rate derivative reported for DelFly II. Although
the two platforms differ in geometry, wing configuration, tail
arrangement, and test condition, DelFly II provides a useful
reference because it is one of the few flapping-wing MAVs
with reported lateral– directional aerodynamic derivatives.

Table 1 compares the dimensional yaw damping deriva-
tive obtained in this study with that reported for DelFly II.
The comparison uses the present data at α = 60◦ because the
DelFly II reference data were obtained at an approximately
similar angle of attack. For example, using the reported ve-
locity components u = 0.25 m/s and w = 0.5 m/s, the
corresponding angle of attack is α = tan−1(w/u) ≈ 63.4◦,
which is close to the 60◦ condition tested in this study.

Figure 7: Identified yaw damping derivative, Nr, as a func-
tion of angle of attack for the three tested sideslip angles. The
negative values indicate a stabilizing yawing moment oppos-
ing the imposed yaw-rate perturbation.

Table 1: Comparison of dimensional yaw damping derivative
between DelFly II [9] and the present FWMAV.

Derivative DelFly II Present study
Nr (N m s/rad) −1.9× 10−3 −3.37× 10−3

The two values are of the same order of magnitude and
have the same negative sign, indicating physically consistent
yaw damping behavior. The difference in magnitude may
be attributed to differences in vehicle geometry, flight speed,
flapping amplitude, tail configuration, and aerodynamic scal-
ing. The present experiment was conducted at a nominal
incoming flow velocity of approximately 2 m/s, whereas
the DelFly II aerodynamic model was identified from near-
hover and slow-forward-flight maneuvers at approximately
0.5 m/s [9]. Nevertheless, the negative Nr value observed in
both platforms indicates that yaw-rate perturbations generate
a restoring yawing moment, which is consistent with stable
lateral–directional damping behavior. Although obtained us-
ing different experimental methodologies, the agreement in
both sign and order of magnitude provides additional confi-
dence that the identified yaw damping derivative is physically
reasonable.

4 CONCLUSION

This paper presented an experimental method for identi-
fying yaw damping in a tailed flapping-wing micro air ve-
hicle. A synchronized robotic-arm-based test platform was
used to impose controlled yaw motions under prescribed
angle-of-attack and sideslip conditions. The measured force,
moment, attitude, and yaw-rate data were processed to evalu-
ate the lateral–directional aerodynamic response to yaw-rate
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perturbations.
The results show that the yawing moment exhibits a clear

and repeatable dependence on yaw rate, allowing the yaw
damping derivative Nr to be identified. The identified Nr
remained negative across the tested conditions, indicating
that the vehicle generates a yawing moment opposing yaw-
rate perturbations. This confirms the presence of stable yaw
damping for the present FWMAV configuration.

The side-force response did not show a clear repeatable
trend with increasing yaw rate. This suggests that the yaw-
rate effect on side force is too small to be reliably captured
by the present experimental setup. The roll-moment response
showed a strong dependence on sideslip angle but only weak
dependence on yaw-sweep speed, indicating that the roll mo-
ment is primarily sideslip-dominated rather than yaw-rate-
dominated.

These findings provide experimental evidence of yaw
damping in a tailed FWMAV and support future lateral–
directional dynamic modeling and flight control design. Fu-
ture work will improve the measurement sensitivity, further
characterize the fan-array inflow, extend the experimental en-
velope, include rudder-input excitation, and incorporate the
identified yaw damping derivative into a complete lateral–
directional state-space model. In addition, the proposed iden-
tification protocol will be evaluated using reference models
or simulated datasets with known aerodynamic derivatives to
further assess the accuracy and robustness of the estimation
method.
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