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12" INTERNATIONAL MICRO AIR VEHICLE CONFERENCE
Preface

On behalf of the Local Organising Committee, It is my pleasure to present the proceedings of the 12¢" International Micro
Air Vehicle Conference, which was held in Puebla, México from November 17-19, 2021. 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.

For the first time ever, The 12t" International Micro Air Vehicle Conference was run by Latin American academic in-
stitutions based in Mexico: Instituto Nacional de Astrofisica, Optica y Electrénica (INAOE), Universidad de las Américas
Puebla (UDLAP), Benemérita Universidad Auténoma de Puebla (BUAP) and Centro de Investigacién y de Estudios Avan-
zados del Instituto Politécnico Nacional (CINVESTAV), Unidad Zacatenco.

The IMAV is a pioneer scientific-technological event in the field of aerial robotics and has been established as a stellar
event among the communities of researchers dedicated to the study, development and research of Micro Air Vehicles. This
year of 2021, due to the COVID-19 pandemic, the IMAV-2021 was run in a virtual mode as a conference only; this is, no
competitions were run this time. Yet, I believe the event offered a huge opportunity to communicate the latest developments
regarding Micro Air Vehicles as much as to foster collaborations among the members of the IMAV international community.

These proceedings contain 27 peer-reviewed scientific papers by 88 authors organised in 9 sessions presented at the
IMAV-2021. 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 on the field of Micro Air
Vehicles. In the awards ceremony of the conference, the following awards were announced: Best Conference Paper, Best
Technical/Application Paper, and Best Student Paper. Based on the quality of the scientific and technical contribution, some
papers were selected to be published in two scientific journals: the International Journal of Micro Air Vehicles (Sage), and
Unmanned Systems (World Scientific).

In addition to the presentation of the scientific papers, 6 keynote talks were delivered by experts in the field. The
first speaker, Rear Adm Leopoldo Diaz, Head of the Research and Technological Development Unit of the Mexican Navy,
presented the research and technological work on UAS that has been developed in this Unit. Prof. Guido de Croon from
TUDelft, talked about his work on insect-inspired Al for swarms and tiny drones. Prof. Tom Richardson from the University
of Bristol, talked about studying volcanic emissions by operating drones beyond visual line of sight. Brandon Gilles, CEO
of Luxonis, introduced the OAK-D Lite smart camera capable of running Spatial Al on the chip and its use on drone
applications. Nicolas Marchand from GIPSA-lab/CNRS, presented his work on event-based control for flying robotics.
Finally, Rogelio Lozano from the Université de Technologie de Compiegne, presented his work on the dynamical model of
a mini helicopter without a swashplate and the challenges behind this problem in outdoor flight.

We also had the privilege of gathering former IMAV General Chairs who shared nice memories of previous IMAVs.
The participation of these former Chairs was split into 2 panel sessions. The first one was attended by Prof. Simon Watkins
from RMIT and Prof. Ben M. Chen from CUHK, Chairs of the IMAV 2016 and IMAV 2018, respectively. The second panel
was attended by Prof. Guido de Croon from TUDelft, Prof. Jean-Marc Moschetta from ISAE, Dr. Gautier Hattenberger
from ENAC, and Prof. Pascual Campoy from UPM, Chairs of IMAV 2014, 2017 and 2019. I have no doubt these sessions
summarised the influence and legacy that IMAV conferences and competitions have had in the field of Micro Air Vehicles
over the last years.

Finally, my deepest gratitude goes to all members of the Local Organising Committee for their invaluable support in the
organisation of this IMAV-2021, even during this difficult pandemic period. Also, I appreciate the guidance and support of
the members of the International Committee, whose enthusiasm and kindness inspired us to do our best to prepare and run
this event. Last but not least, we are very grateful for the sponsorship of the awards provided by LUXonis.

Puebla, México. November 2021

Jose Martinez-Carranza
Instituto Nacional de Astrofisica, Optica y Electrénica
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12" INTERNATIONAL MICRO AIR VEHICLE CONFERENCE

Meaning of the IMAV 2021 Logo

The logo of the IMAV 2021 was inspired by the Mexican flag, seen at the top left of the image below. The logo shows the
letters of the acronym IMAV in green, the first colour of the flag. At the top of the log we see a figure with a fixed-wing
like shape. This is intended to represent a fixed-wing MAV dressed with brown feathers, representing the Mexican Royal
Eagle, located at the center of the Mexican flag. The letter "V’ in the acronym has been depicted in the shape of a snake.
This symbol represents a Deity from the Aztec culture: the feathered Serpent popularly known as Quetzalcoatl. The tongue
of the snake is in red as in the Mexican flag, and also located to the right. Finally, a bar and two dots in red are seen at the
right bottom part of the logo, representing a Mayan number, a vigesimal positional numeral system that uses bars and dots
to represent numbers. In this logo, the Mayan number represents the number 2021. The logo also has the word "México”
in a smaller font size, above the acronym. Therefore, buy putting everything together and with some imagination, the logo
portraits a Mexican flag shaped by the IMAV acronym, the year of the conference and containing representative symbols of
the Mexican culture.

We are thankful to Guadalupe Cabrera-Ponce for her design on the Quetzalcoatl symbol and to Oyuki Rojas-Perez
for her design on the eagle and Mayan number symbols. Their help was essential to create this IMAV 2021 logo. Jose
Martinez-Carranza conceptualise and supervised the elaboration of the logo.
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12" INTERNATIONAL MICRO AIR VEHICLE CONFERENCE

Call for Papers

I MEXICO W”/ N

We cordially invite all experts, users, scientists, young researchers, and students being active or interested in the field of
Micro Unmanned Aerial Vehicles to attend the 12¢" International Micro Air Vehicle Conference. This edition of the IMAV
will be organized in the virtual model. The conference will take place November 17-19 2021. Topics for scientific and
technical papers include, but are not limited to:

* Low Reynolds number aecrodynamics * Low noise and noise mitigation
* Unsteady aerodynamics

* Smart morphing materials Dedicated applicative sessions will be set up for the fol-
* Propulsion set and new energy sources lowing topics:

* Autonomous navigation

¢ Autonomous Drone Racing * Atmospheric research

* Cooperation and formation flight * Archaeological research

* Control theory and state estimation  Search and rescue operations

» Computer vision for MAVs ¢ Industrial inspection

» Sense & avoid Integration of UAVs in airspace * Agriculture & environment

* Reconfiguration in unpredicted events * Artificial Intelligence for MAVs
* New MAV architectures * Ethics & Regulations

* Characterization of noise emission for MAV's * The societal impact of MAV's

Based on the quality of the papers and after a thorough evaluation by the IMAV’s international committee, selected
papers and Finalist to the “Best Conference Paper Award” will be offered to be published in one of the following two
Journals (note that the Article Processing Charges will be waived):

¢ International Journal of Micro Air Vehicles
* Unmanned Systems

Important Dates:

* Paper Submission Deadline: June 21, 2021
* Notification of Acceptance: August Ist, 2021
e Camera-ready: August 30, 2021

* Registration: Before September 1, 2021

The proceedings of the conference will be available on-line with free access for anybody.
For further questions, please visit the conference web pages http://imav2021.inaoep.mx/ http://www.imavs.org/
Best regards,

Hugo Rodriguez Cortés - Program Committee Chair
Jose Martinez-Carranza - General Chair

UDLAP.

UNIVERSIDAD DE LAS AMERICAS PUEBLA

Cinvestav
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12" INTERNATIONAL MICRO AIR VEHICLE CONFERENCE
Conference Oral Presentations

Control Systems 1

Flight Code Convergence: Fixedwing, Rotorcraft, Hybrid.......... ... .. e p-21
Nonlinear model predictive control for improving range-based relative localization by maximizing obs... ............ p.28
Modeling and Identification of Multirotor Drone Dynamics for Onboard MPC Motion Planning . ................... p.35

Autonomous Navigation 1

Motion-based MAV Detection in GPS-denied Environments . ......... ... .o .. p-42
Framework and evaluation methodology for Autonomous Drone Racing............ ... ... o i it p-50
A Compact Approach for Emotional Assessment of Drone Pilots using BCI........... ... ..o . it p.57
Control Systems 2

Guiding vector fields in Paparazzi autopilot. .. ........ ... e p.63
Immersion and Invariance Based Trajectory Tracking Control of an Aerial Manipulation System.................... p-68
Extended Incremental Non-linear Control Allocation on the TU Delft Quadplane................ ... ... ..., p.74
Control Systems 3

Position controller for a flapping wing drone using UWB ... ... i e e p.85
Onboard Time-Optimal Control for Tiny QUadCOPLETS . . .. ...ttt ettt e et eaieens p.93
Fast simulation model for control law design andbenchmark of high aspect ratio flexible UAVs.................... p.101
Applications

Field report: deployment of a fleet of drones for cloud exploration............. .. ... .. p-109
Developing a modular tool to simulate regeneration power potential using orographic wind-hovering UA............ p.116
Estimating wind using a qUadrotor . . .. ... .ottt e p.124
Control Systems 4

Hybrid UAV Attitude Control using INDI and Dynamic Tilt-Twist. .. ...... ... ... p-131
” Sliding-mode based Thrust Vector Control for Aircrafts” . ......... .. .. i i p-137
Quaternion Based Attitude Sliding Mode Control with Disturbance Rejection Observer for a quadrotor............. p.144
Design 1

Design of aeroacoustically stealth MAV TOOTS . . . .. ...ttt e et e p.153
A click mechanism moderates drone’s flapping wing kinematics for enhanced thrust generation ................... p.161
Propulsive efficiency of small multirotor propellers in fast forward flight . ........ ... ... ... ... ... ... ..., p-166
Design 2

Aero-propulsive performance improvement of H2 powered UAS . ... . i p.172
Implementation of copter propeller model to the problem of energy consumption minimization during li............. p-180
3D Reconstruction based on NIR single-pixel for drone navigation under rainy condition ......................... p.188

Autonomous Navigation 2

Indoor Visual Semantic SLAM improves VIO and RGBD for narrow space navigation ........................... p-196
Decentralized Trajectory Generation Technique for Multiple Unmanned Multicopter Systems in Cluttered... ........p.204
Texture Classification for Object Detection in Aerial Navigation using Transfer Learning and Wavelet... ........... p.210
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Keynote Speakers

Urban Air Mobility, a vision by Airbus

Rear Adm. Leopoldo Jesus Diaz Gonzalez Solorzano — Head of the Research and Technological Development Unit

Mexican Navy

Biography

Admiral Gonzalez Soldérzano graduated as Naval Science Engineer from the Heroica Es-
cuela Naval Militar of the Mexican Navy. He has held several appointments in the Mexican
Navy such as Patrol commander, Deputy and later Area Head of the Deputy General Man-
agement Office of Communications and Informatics, Inspector of the Naval Command of
the 3rd Naval Zone, and Permanent alternate Representative of Mexico to the International
Maritime Organization, a specialised agency of the United Nations with Headquarters in
London, United Kingdom. In 2016, he was promoted to Rear Admiral of the Mexican
Navy. He has also received several distinctions throughout his career. He was awarded the
naval merit of First-Class due to this high performance during his studies at the Heroica
Escuela Naval Militar, and awarded the Argentine Navy Prize for his high performance in
military skills during these studies. He received an Honorary Mention for his high perfor-
mance during a course given by the international Hydrographic Organization. To date, he
is the Head of the Research and Technological Development Unit of the Mexican Navy.

Abstract

Unmanned Aerial Vehicles developed by the Mexican Navy

The Research and Technological Development Unit is a department within the Mexican
Navy responsible for developing projects that support the navy forces, units and naval
establishments. The main research projects focus on Unmanned Aerial Systems (UAS),
radars, datalink systems, sonars, simulators, and rockets. This talk will present the research,
and technological work carried out since 2011 on UAS. To date, two aerial vehicles have
been developed and tested in different operation environments; one of these vehicles is
under the production of more units. The development of these vehicles implies a continuous
learning curve, but in particular, it is essential to design adequate schemes for validation
and verification of the vehicle’s performance. Nowadays, with the support of the National
Council of Science and Technology of Mexico, an Unmanned Aerial Vehicle (UAV) is
under development, capable of performing vertical take-off and landing. Since two years
ago, this vehicle has been in the stage of testing to validate its design and functionality. For
future work, we are considering the deployment of UAS from naval ships, the development
of cooperative UAVs with swarm capabilities and the use of alternative energies.

NOVEMBER 17" 1O 19t" 2021, PUEBLA, MEXICO
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Autonomous Drone Racing

Prof. Guido de Croon, Full Professor in Bio-inspired Micro Air Vehicles Department
of Aerospace Engineering Delft University of Technology

Biography

Received his M.Sc. and Ph.D. in the field of Artificial Intelligence (AI) at Maastricht
University, the Netherlands. His research interest lies with computationally efficient and
often bio-inspired algorithms for robot autonomy, with an emphasis on computer vision.
Since 2008 he has worked on algorithms for achieving autonomous flight with small and
light-weight flying robots, such as the DelFly flapping wing MAV. In 2011-2012, he was
a research fellow in the Advanced Concepts Team of the European Space Agency, where
he studied topics such as optical flow based control algorithms for extraterrestrial landing
scenarios. Currently, he is Full Professor at TU Delft and scientific lead of the Micro Air
Vehicle lab (MAV-lab) of Delft University of Technology.

Abstract

Insect-inspired AI for swarms of tiny autonomous drones

Swarms of tiny autonomous drones can help humans in search-and-rescue missions,
in keeping track of the stock in warehouses or in monitoring crop in greenhouses. Tiny
drones (think below 30 grams) are very safe for humans, are suitable for flying in narrow
environments, and are very cheap so that they can be produced in large numbers. However, it is also notoriously hard to
make such tiny drones fly autonomously. Due to their extremely low weight, they are very limited in terms of energy and
payload. This implies that they can carry few sensors and extremely little processing compared to, e.g., self-driving cars. In
my talk, I will talk about the effort at TU Delft’s MAVLab to make swarms of tiny autonomous drones, and how we approach
this by drawing inspiration from insect intelligence. I will present our work on the lightest autonomous drone in the world,
the 20 gram “’DelFly Explorer” and on a swarm of 33-gram Crazyflies that is able to autonomously explore an unknown
environment and come back to the departure point. Furthermore, I will discuss our recent study in which we designed a
swarm of CrazyFlie drones able to autonomously localize gas sources. I will end with our efforts into incorporating spiking
neural networks in neuromorphic hardware on our drones, showing results of an evolved spiking neural controller that was
successfully ported to the real world, for the first time controlling a flying drone with neuromorphic processing in the control
loop.

NOVEMBER 17t" T0 19t" 2021, PUEBLA, MEXICO 9
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Tom Richardson - Senior Lecturer in Flight Dynamics and Control Flight Lab University of

Bristol
Biography

Tom is a senior lecturer in flight dynamics and control at the University of Bristol. With a
PhD in nonlinear control system design, he specializes in the application of modern control
theory and novel sensors to Unmanned Air Systems (UAS). Tom has held an NPPL (pilots
license) for over 15 years, runs the University of Bristol glider flight test course, and has
been responsible for UAS operations in multiple countries. He has been granted permis-
sion multiple times for Beyond Visual Line Of Sight (BVLOS) operations, and holds the
University of Bristol CAA UAS Permission for Commercial Operations. He has also run
flight demonstrations and test flights for DSTL, BAE Systems, QinetiQ, DSTL and Roke
Manor. Tom is also a founding partner of Perceptual Robotics which has recently been
awarded "Robotics & Al in Extreme Environments’ funding by Innovate UK for Offshore
Wind Turbine Inspection. https://www.perceptual-robotics.com/

Abstract

Remote Sampling and Measurement of Volcanic Emissions using Drones

Recent drone developments are having a significant impact on the way that volcanic
emissions are being studied. This talk will cover collaborations between the Bristol Uni-
versity Flight Lab and Earth Science colleagues on field campaigns to a range of volcanoes
worldwide. Beyond Visual Line of Sight (BVLOS) operations have enabled ash samples to
be collected and gas measurements to be made at distances up to 14km and altitudes up to
14,000ft above take-off. Target volcanoes include Fuego which is an active stratovolcano
in Guatemala and is almost constantly active at a low level. Small gas and ash eruptions
occur every 15 to 20 minutes and multiple flights have been carried out to collect a range
of ash samples from within the plume. Most recently, Dr Richardson has been part of
the international collaborative multi-drone ‘ABOVE’ field campaign to Manam and Rabul
volcanoes in Papua New Guinea - the objective of which was to achieve the first simulta-
neous inter-comparison of ground, aerial, and satellite-based measurement techniques for
volcanic gas (SO2) emissions.

NOVEMBER 17" 1O 19t" 2021, PUEBLA, MEXICO
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Brandon Gilles - CEO Luxonis
Biography

Brandon is driven by the singular belief that the biggest impact he can have on the world
is fostering innovation. And the understanding that a 5-fold increase in productivity is the
difference between the middle ages and now. And the driver of that productivity increase
- and the tremendous increase in the quality of life we all have - is innovation. And for
innovation to happen, simplification needs to happen first. So that powerful things can be
used easily and readily - and then combined with other powerful things. Brandon’s mission
is to make embedding performant, spatial Al and CV into products simple - to enable and
foster a wave of innovation powered by being able to embed human-like perception into
products across all sorts of industries.

Abstract

Spatial AI Meets Embedded Systems

The combination of high-resolution depth perception, real-time artificial intelligence,
advanced computer vision functions, and high-frame-rate/high-resolution/multi-sensor cam-
eras systems used to be only available to those with huge budgets. Monetary, size, weight,
and power budgets. Now, it’s possible to have all of this on an embedded system - in a tiny
device that costs $99. It’s going to change every industry.

Nicolas Marchand - Deputy director of GIPSA-lab Directeur de Recherche
CNRS - HDR GIPSA-lab, Control Systems Department, Grenoble, France

Biography

Nicolas Marchand received the M.Sc. and Ph.D. degrees in control theory from Grenoble-
INP, in 1995 and 1999, Grenoble, France. He is a CNRS researcher and director of GIPSA-
lab since 2020, Grenoble, France. His research focuses on event-based control, control and
stabilization of flying robots and control theory for computer sciences.

Abstract

Controlling UAV’s based on events: a new approach for new solutions

In this talk, we will present the theoretical framework of event-based control. Through
examples, we will show how event-based control approach can improve or give new abil-
ities to robotic systems and especially UAVs. Examples will cover safer remote control
of UAVs, faster learning for artificial intelligence and other examples related to flying
robotics.

NOVEMBER 17t" 10 19t 2021, PUEBLA, MEXICO 11
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Rogelio Lozano - CNRS Research Director Université de Technologie
de Compieégne Compiegne, France

Biography

Rogelio Lozano was born in Monterrey Mexico, on July 12, 1954. He received the B.S.
degree in electronic engineering from the National Polytechnic Institute of Mexico in 1975,
the ML.S. degree in electrical engineering from Centro de Investigacion y de Estudios Avan-
zados (CINVESTAV), Mexico in 1977, and the Ph.D. degree in automatic control from
Laboratoire d’ Automatique de Grenoble, France, in 1981. He joined the Department of
Electrical Engineering at CINVESTAYV, Mexico, in 1981 where he worked until 1989. He
was Head of the Section of Automatic Control from June 1985 to August 1987. He has
held visiting positions at the University of Newcastle, Australia, from November 1983 to
November 1984, NASA Langley Research Center VA, from August 1987 to August 1988,
and Laboratoire d’ Automatique de Grenoble, France, from February 1989 to July 1990.
Since 1990 he is a CNRS (Centre National de la Recherche Scientifique) Research Di-
rector at University of Technology of Compiegne, France. He was Associate Editor of
Automatica in the period 1987-2000. He is associate Editor of the Journal of Intelligent
and Robotics Systems since 2012 and Associate Editor in the Int. J. of Adaptive Control
and Signal Processing since 1988.

He has coordinated or participated in numerous French projects dealing with UAVs. He has recently organized 2 inter-
national workshops on UAVs (IFAC RED UAS 2013 and IEEE RAS RED UAS 2015). He participates in the organization of
the annual international conference ICUAS (International Conference on Unmanned Aerial Systems) since 2010. He is IPC
Chairman of the ICSTCC in Rumania since 2012. He was Head of Heudiasyc Laboratory in the period 1995-2007 and since
2008 He is Head of the Joint Mexican-French UMI 3175 CNRS. His areas of expertise include UAVs, mini-submarines,
exo-squelettons and Automatic Control. He has been the advisor or co-advisor of more than 35 PhD theses and published
more than 130 international journal papers and 10 books.

Abstract

Stabilization and nonlinear control for a helicopter with virtual swashplate in outdoor flight

The dynamical model of a mini helicopter without swashplate is presented. The helicopter is composed of two rotors, the
main rotor with torque modulation and variable pitch propellers to stabilize roll and pitch angles, the second rotor stabilizes
yaw displacement. The torque modulation is performed accelerating and decelerating the main rotor which produces a
variation in the blades pitch. This helicopter does not have the classical swashplate. The dynamical model is obtained
via the Euler-Lagrange approach and a nonlinear control strategy is proposed. The roll and the forward displacement are
controlled by using a virtual swashplate. The pitch and lateral displacement are controlled in a similar way. The yaw
displacement is stabilized by a classical linear state-feedback controller. The nonlinear controller performance is tested on
real experiments using a mini helicopter. It is shown that the controller is robust to disturbances in outdoor flights.
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Panels with Former IMAV General Chairs

Panel 1: Former General Chairs of IMAV 2016 and IMAYV 2018

Prof. Ben M. Chen
General Chair, IMAV 2016
Beijing, China

Biography

Ben M. Chen is currently a Professor of Mechanical and Automation Engineering at the
Chinese University of Hong Kong (CUHK). He was a Provost’s Chair Professor in the
Department of Electrical and Computer Engineering at the National University of Singa-
pore, before joining CUHK in 2018. He was an Assistant Professor in the Department of
Electrical Engineering at the State University of New York at Stony Brook, in 1992-1993.
His current research interests are in unmanned systems, robust control and control applica-
tions. Dr. Chen is a Fellow of IEEE and Fellow of Academy of Engineering, Singapore. He
has authored/co-authored about 500 journal and conference articles, and a dozen research
monographs in control theory and applications, unmanned systems and financial market
modeling. He had served on the editorial boards of a dozen international journals includ-
ing Automatica and IEEE Transactions on Automatic Control. He currently serves as an Editor-in-Chief of Unmanned
Systems. Dr. Chen has received a number of research awards. His research team has actively participated in international
UAV competitions and won many championships in the contests.

Prof. Simon Watkins
General Chair, IMAV 2018
Melbourne, Australia

Biography

Simon Watkins is a Professor of Engineering at RMIT and was Chair of IMAV held at
RMIT in 2018. He was listed in the top 2% scientists in the world in 2019 in the field
of “Aerospace and Aeronautics”, based on Stanford University standardised citation met-
rics and wrote some of the first papers on atmospheric winds and micro air vehicles. He
founded the RMIT Unmanned Aircraft Systems Research Team which comprises a multi-
disciplinary group of senior academics, research fellows and PhD students. His current
research interest is bird and insect flight and trying to reveal the methods by which they
maintain steady flight in the turbulent outdoor wind.
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Panel 2: Former General Chairs of IMAV 2014, IMAV 2017, IMAV
2019

Prof. Guido de Croon
General Chair, IMAV 2014
Delft, The Netherlands

Biography

Swarms of tiny autonomous drones can help humans in search-and-rescue missions, in
keeping track of the stock in warehouses or in monitoring crop in greenhouses. Tiny drones
(think below 30 grams) are very safe for humans, are suitable for flying in narrow environ-
ments, and are very cheap so that they can be produced in large numbers. However, it is
also notoriously hard to make such tiny drones fly autonomously. Due to their extremely
low weight, they are very limited in terms of energy and payload. This implies that they can
carry few sensors and extremely little processing compared to, e.g., self-driving cars. In my
talk, I will talk about the effort at TUDelft’s MAVLab to make swarms of tiny autonomous
drones, and how we approach this by drawing inspiration from insect intelligence. I will
present our work on the lightest autonomous drone in the world, the 20 gram “DelFly Ex-
plorer” and on a swarm of 33-gram Crazyflies that is able to autonomously explore an unknown environment and come
back to the departure point. Furthermore, I will discuss our recent study in which we designed a swarm of CrazyFlie drones
able to autonomously localize gas sources. I will end with our efforts into incorporating spiking neural networks in neuro-
morphic hardware on our drones, showing results of an evolved spiking neural controller that was successfully ported to the
real world, for the first time controlling a flying drone with neuromorphic processing in the control loop.

Prof. Jean-Marc Moschetta
General Chair, IMAV 2017
Toulouse, France

Biography

Jean-Marc Moschetta is a Professor of Aerodynamics at ISAE-SUPAERO, Toulouse,
France and Director of the Micro Air Vehicle Research Center. Since 2000, he has de-
voted his research activity to rotary-wing and fixed-wing drones including : aerodynamic
design, energy-harvesting techniques, transitioning vehicles, quiet propellers. Recently, Dr
Moschetta has started the development of an Hydrogen-powered fixed-wing UAV for flying
over the Atlantic Ocean with low carbon emissions.
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Asst. Prof. Gautier Hattenberger
Deputy Chair, IMAV 2017
Toulouse, France

Biography

Gautier Hattenberger is an assistant-professor at the French Civil Aviation University (ENAC)
in Toulouse, France. As a member of the UAV Research Program, he is working on flight
dynamics and control of micro-UAVs, modeling and simulation, architecture of embed-
ded systems, trajectory planing and formation flight. Most of his work is based on the
Open-Source UAV system “Paparazzi”, for which he is now one of the head developer. He
graduate from the French national engineering school of aeronautical construction in 2004
and received his Ph.D Degree at the Robotic department of the Laboratory for Analysis
and Architecture of Systems (LAAS-CNRS, Toulouse), for his work on formation flight
control and planing of UAVs in 2008.

Prof. Pascual Campoy
General Chair, IMAYV 2019
Madrid, Spain

Biography

Pascual Campoy is Full Professor on Automatics at the Universidad Politécnica Madrid
UPM (Spain) where he lectures on Control, Machine Learning and Computer Vision. He
has been visiting professor at DCSC Department in TUDelft (The Netherlands) from 2014
to 2019, and previously visiting professor at Tong Ji University (Shanghai-China) in 2013
and Q.U.T. (Australia) 2011. He received his PhD in Automatics & Robotics at Univer-
sidad Politecnica Madrid in 1988, where he previously received his Master tittle in Au-
tomatics Engineering in 1983. He is leading the Research Group on “Computer Vision
and Aerial Robotics” at U.P.M. within the Centre of Automatics and Robotics (C.A.R.),
whose activities are aimed at increasing the autonomy of the Unmanned Aerial Vehicles
(UAV) by exploiting the powerful sensor of Vision, using cutting-edge technologies in Im-
age Processing, Control and Artificial Intelligence. He has been heading director of over 40 R&D projects, including R&D
European projects, national R&D projects and over 25 technological transfer projects directly contracted with the industry.
He is author of around 200 international scientific publications and nine patents, three of them registered internationally.
He is awarded in the top international UAV competitions: IMAV12, IMAV13, IARC14, IMAV16 and IMAV17, General
Chair for IMAV 2019 and he coordinated the international team that was awarded in the third place in the Grand Challenge
MBZIRC20.
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Best Paper Awards and Special issues

For this IMAV 2021, three prizes were awarded during the Awards Ceremony: Best Conference Paper, two runners-up
were also mentioned and received a certificate; Best Technical/Application Paper; and Best Student Paper. These 5 papers
were selected to be published in a Special Issue of the International Journal of Micro Air Vehicles (Sage).

Best Conference Paper

Nonlinear model predictive control for improving range-based relative localization by maximizing observability.
Shushuai Li, Christophe De Wagter and Guido de Croon. [2] on page 28.

Runners-Up

Estimating wind using a quadrotor.
Gautier Hattenberger, Murat Bronz and Jean-Philippe Condomines. [15] on page 124.

Extended Incremental Non-linear Control Allocation on the TU Delft Quadplane.
Jan Karssies and Christophe De Wagter. [9] on page 74.

Best Technical/Application Paper

Field report: deployment of a fleet of drones for cloud exploration.
Gautier Hattenberger, Titouan Verdu, Nicolas Maury, Pierre Narvor, Fleur Couvreux, Murat Bronz, Simon Lacroix, Grégoire
Cayez and Gregory Roberts. [13] on page 109.

Best Student Paper

Design of aeroacoustically stealth MAYV rotors. Pietro Li Volsi, David Gomez-Ariza, Thierry Jardin, Romain Gojon and
Jean-Marc Moschetta. [19] on page 153.

Selection of papers for Unmanned Systems
In addition to the papers above, the following papers were selected to be published in a Special Issue of Unmanned Systems
(World Scientific).

Onboard Time-Optimal Control for Tiny Quadcopters
Jelle Westenberger, Christophe De Wagter and Guido C.H.E. de Croon [11] on page 93.

Developing a modular tool to simulate regeneration power potential using orographic wind-hovering UAVs
Midas Gossye, Sunyou Hwang and Bart Remes [14] on page 116.

Framework and evaluation methodology for Autonomous Drone Racing
Miguel Fernandez-Cortizas, Pablo Santamaria, David Perez-Saura, Javier Rodriguez-Vazquez, Martin Molina, Pascual
Campoy [5] on page 50.

Position controller for a flapping-wing drone using UWB
Guillermo Gonzdlez *, Guido C.H.E de Croon, Diana Olejnik and Matéj Kardsek [10] on page 85.

Immersion and Invariance Based Trajectory Tracking Control of an Aerial Manipulation System
Aaron Lopez, Hugo Rodriguez Cortés, Israel Cruz Vega and Jose Martinez-Carranza. [8] on page 68.
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Flight Code Convergence: Fixedwing, Rotorcraft,
Hybrid

D.C. van Wijngaarden; E.J.J.Smeur, and B.W.D. Remes
Delft University of Technology, Kluyverweg 1, Delft, The Netherlands

ABSTRACT

Rotorcraft, fixed wing and hybrid Unmanned Air
Vehicles (UAV) each have applications in which
they excel. Traditionally, dedicated autopilot
control code is written to accommodate flight of
each UAV type. This causes fragmentation of
control code and may lead to performance dif-
ferences or errors. In this paper, we propose
to use the same INDI controller for rotorcraft,
fixed wing and hybrid UAVs, with only paramet-
ric differences in control effective matrix defi-
nitions and roll, pitch and airspeed limits. The
controller is based on earlier work, but relevant
derivations are included in this paper. Success-
ful test flights, performed with a Bebop2 quadro-
tor, a Disco fixed wing, and a Nederdrone tailsit-
ter hybrid demonstrate the feasibility of this ap-
proach.

1 INTRODUCTION

The amount of applications for Unmanned Air Vehicles
(UAV5s) has drastically increased over the last couple of years
[1]. To best serve their purpose, different applications require
different types of drones: fixed wing, rotorcraft, or hybrid.
Fixed wing aircraft have superior endurance, while rotorcraft
have more flexible maneuvering and hovering capabilities.
Hybrid UAVs take the middle ground in terms of endurance
and flexible maneuvering.

In the UAVs that are flown, one can broadly make the
distinction between commercial UAVs that have proprietary
software that is dedicated to one specific UAV type, and open
source autopilot systems, that provide flight code for a variety
of different UAV types. Examples of the latter are PX4 [2],
Ardupilot [3], and Paparazzi [4]. These open source autopilot
systems have found a broad user base with universities, am-
ateur drone pilots and startup companies, and each of these
autopilot systems supports various fixed wing, rotorcraft and
hybrid drone types.

However, the control and guidance code for these differ-
ent types of UAV, is typically separated. For example, the
aforementioned autopilot systems contain dedicated control
code for fixed wing, VTOL, and rotorcraft drones. Even the
control of hybrid, or transitioning, drones are often done by

*Email address(es): D.C.vanWijngaarden @tudelft.nl
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Figure 1: UAV platforms used for the experiments described
in this paper. From left to right: Nederdrone (hybrid), Parrot
Disco (fixed wing) and a Parrot Bebop2 (rotorcraft).

switching from one controller to another as the vehicle tran-
sitions to forward flight [5, 6]. There have been researchers
presenting an more integrated, or unified control structure
for hybrid UAVs, making use of Nonlinear Dynamic Inver-
sion (NDI) [7] or Incremental Nonlinear Dynamic Inversion
(INDI) [8], but this was always aimed at one specific hybrid
vehicle.

This fragmentation of code can result in implementation
differences and therefore performance differences between
the different UAV types. Next to that, keeping all control code
up to date requires extra work in code maintenance, which
also increases the chance of errors.

In this paper, we demonstrate that it is possible to fly
fixed wing, rotorcraft, and hybrid UAVs using the same uni-
form INDI control and guidance algorithm, with only para-
metric changes in the control effectiveness matrix definitions
and flight envelope protection concerning pitch, roll and air-
speed limits. This is achieved through a cascaded INDI con-
troller, based on [9] and [10], that controls attitude and posi-
tion through closed loop control of angular and linear accel-
erations. Different vehicle configurations are accommodated
through parametric changes of (1) the control effectiveness
and (2) flight envelope limits. The flight code used for these
experiments is publicly available on Github .

In the following sections, a universal controller is out-
lined that is applied to a Bebop2 quadrotor (rotorcraft), a
Disco fixed wing and a Nederdrone (hybrid UAVs). These
platforms are described in Section 2. In Section 3 the in-
ner (attitude) controller is explained. Section 4 describes the

Thttps://github.com/tudelft/paparazzi/tree/convergence
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outer loop (position) controller, and highlights the paramet-
ric differences required for the different UAV types. Section
5 presents test flights of a rotorcraft, fixed wing and hybrid
UAV, using the same control code. Conclusions are drawn in
Section 6.

2 TEST PLATFORMS

Though the controller described in this paper is applicable
to a broad range of rotorcraft, fixed wing and hybrid UAVs,
we will consider three platforms in particular. These are the
Parrot Bebop2 quadrotor, the Parrot Disco fixed wing, and
the Nederdrone developed by the MAVLab in Delft [11], all
depicted in figure 1. The left UAV in the figure is the Neder-
drone, a hybrid UAV that can hover, can transition 90 degrees
to fly forward horizontally and take-off and land vertically.
The Nederdrone is a biplane tail-sitter with 12 motors and 8
control surfaces distributed over its wings.

The middle UAV is the Parrot Disco, a fixed wing UAV
that can only fly forward and does not have hovering capabil-
ities. The parrot Disco is a flying wing that has a single motor
and a pair of elevons. These control surfaces can be used for
pitch and roll control. The vehicle is passively directionally
stable.

Finally, the right UAV is a Parrot Bebop2, a regular
quadrotor without any wing surface. The Bebop2 has 4 mo-
tors that can provide control inputs for pitch, roll and yaw.
The Bebop2 does not have an airspeed sensor, as opposed to
the other two vehicles, which use it while flying ”forward”.

For all vehicles, the body reference frame is defined with
the Z axis in the opposite direction as the thrust, the Y axis
pointing to the right and the X axis completing the right
handed axis system (for the fixed wing orthogonal to the wing
surface, for the quadrotor through the nose). The body refer-
ence frame is illustrated by figure 2.

Figure 2: Body reference frame for a fixed wing and a multi-
rotor.

3 INDI INNER LOOP CONTROL

The inner loop controller is implemented along the lines
of [12], but without the online control effectiveness estima-
tion. For details, we refer to that paper, but for completeness,
the controller will be summarized in this section.

The model on which the controller is based is given by
the equation for the translational dynamics:
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E=g+m(Mypf + foxt), (1)

where £ is the position vector in the North East Down
(NED) frame, g is the gravity vector in the NED frame and
m is the mass of the drone. My p is the rotation matrix
from body to NED frame, which is obtained from the attitude
quaternion q. f is the input force due to changes in attitude
and thrust level and fey¢ is an unmodeled external force.

The rotational dynamics are given by:

.1 0
Q=J (m+ Mme — Q2 x IQ), 3)

where €2 denotes the angular rates of the vehicle and ®
the Hamilton product. The inertia matrix of the vehicle is
denoted by J and is assumed to be diagonal, m is the moment
due to the inputs and 1My is the moment due to unmodeled
external moments.

Neglecting the cross-term in Eq. 3, we can approximate
the change in angular acceleration of the vehicle due to a
change in the input vector w as:

2 — Q= G (u— up) + Ga(% — 1), “)

where G'1 is the control effectiveness matrix (which incor-
porates the inertia and may also be a function of velocity),
and G is a control effectiveness matrix that can account for
effectiveness in the derivative of w, which can occur due to
significant propeller inertia. The current angular accelera-
tion €2y can be obtained by differentiation of the gyroscope
signal. As differentiation will amplify the high frequency
vibrations, a low-pass filter has to be applied to all signals
that have the subscript 0, which will now receive the sub-
script f. As u and % are inter-dependent, we approximate the
derivative in discrete time using the unit delay operator L as
u ~ (u(k) —u(k —1))/Ts = (u — Lu)/Ts, where Ty is
the sample time. This leads to the prediction of 2 based on a
new input command wu.:

Q- Q= (G +Ga)(ue —us) + GaL(u. —uy). (5)

This system can be inverted using the pseudo inverse, de-
noted by (.)™, or by a more sophisticated control allocation
scheme, such as Weighted Least Squares (WLS) control al-
location [13]. Since this is now a control law to which the
angular acceleration is an input, it is denoted as the virtual
control v.

ue = ug+ (G1 + Ga2) T (v — Qp + Goz 7 (ue — uy)) (6)
Due to the feedback of the angular acceleration, using the

control effectiveness of the actuators, disturbances can be
counteracted quickly [12, 9].
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Since the INDI controller takes care of most of the non-
linearities in the system, the reference angular acceleration
v can simply be obtained through a PD controller. The atti-
tude is represented as a quaternion, and the vector part of the
quaternion error with the desired attitude is used for feedback:

qz
v=Kp(Kp dy

qz

- Q) (7

€

where [ ¢ ¢y ¢ ]Z is the vector part of the attitude
quaternion error.

The gains Kp and Kp can be tuned or derived analyti-
cally [9].

There is a difference between the platforms in terms of
their inner loop control. The Disco fixed wing UAV cannot
fully control its attitude, as it does not have a rudder, but it still
uses the same complete attitude controller. To make sure the
reference attitude does not drift away from the real attitude
in terms of its heading, the heading of the reference is con-
tinuously reset to its current heading in the outer loop. This
is only done for the Disco, and not for the other UAVs. This
would not be necessary for a fixed wing with yaw control.

Besides this, the differences are purely parametric: each
vehicle has its own control effectiveness matrices G; and
G5. For the Disco and the Nederdrone, these matrices are
a function of airspeed, as the airflow over the control surfaces
greatly affects their effectiveness. For the Bebop2, these con-
trol effectiveness matrices are static.

4 INDI OUTER LOOP CONTROL

Though it may be apparent that the inner loop of the three
types of UAV can be the same, since they all use their actu-
ators to generate moments through which the attitude can be
controlled, this is not obvious for the outer loop. A fixed wing
UAV uses its wing to generate lift, and has to manipulate the
angle of attack and the bank angle in order to maneuver, and
the thrust in order to accelerate in the direction of flight. A
rotorcraft on the other hand, can manipulate the amount of
lift directly with its propellers, and has to tilt this lift vector
in the desired direction of acceleration in order to maneuver.

Yet, hybrid (tailsitter) UAVs have demonstrated that it is
possible to combine these different ways of flying in one ve-
hicle, using one unified controller. Using appropriate flight
envelope protections, it is reasonable to assume this controller
can also be applied to pure rotorcraft or fixed wing UAV.

This is achieved using the guidance algorithm as pre-
sented in [10]. For completeness, a slightly shortened deriva-
tion will be given here. We will make use of the attitude
representation in Euler angles, with the ZXY rotation order

n=1[1v% ¢ 0 ])suchthatthe Euler angle derivatives are
well defined at -90 degrees pitch. Then, the linear accelera-
tion is given by:

.. 1 1 1
m m m
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where Ly, Dy, Ty are the lift, drag and thrust in the NED
frame (denoted with the subscript /V). Using the transforma-
tion matrix between the body and NED reference frames:

clcy) — spslst)  —copsyp  sbcyh + spchsy
Mpyp = | cOsyp +sgsfcp  cpcyp 8Osy — spcley)y |,
—copst s¢ coch
©)
the thrust can be written as:
0 (sOct) + spchsy)T
Ty =Mpyp | 0 | = | (s0s¢ —sgclc))T |, (10)
T cocdT
and the lift as:
spsyL(0,V)
Ly =DMy, *Lp(0,V) = | —s¢cpL(0,V) | (1)

cOL(6,V)

assuming that the flight path angle is small, such that the lift
vector is only rotated from the vertical by the bank angle.
Note that 7" and L(60, V') will typically be negative, since the
body Z axis points down.
Using a first order Taylor expansion, by taking partial
derivatives with respect to the controlled input variables (v =
[ 6 T]T ), we can arrive at the incremental model:

é: 5"0 + E (Gr(n,
m

where we have assumed that the drag changes slowly with
respect to the other variables such that its influence on the
change in acceleration can be neglected, and where the con-
trol effectiveness matrices of thrust and lift are given by:

T) +GL(777V)) (U_UO)v (12)

P
(0¢ LTn (0,00, 0, To)| o= ¢>0>
GrinD =\ (G (600,00, Tlo=s,)”
(aTmTN((bOveOawOa )|T:To)
(13)
and
a1 17
36 m L (@, 60,0, Vo)|¢:¢0)
Gr(n, V)= (%%LN(¢0,9»¢07%)|6:90)T
0"
(14)
Elaborating these control effectiveness functions gives:
GT(nv T) =
copclsyT  (cOcy — spstsp)T sOcy) + spchsyp
—copclcpT  (cOsth + sgsfcy))T  sfsyp — spebey)
—spcdT —cos0T copch
(15)
and
Gr(n,V) =
cosL(6,V) s¢s¢6 L(9 V) o0 (16)
—cpey L(6, V) —wcw 5 L0, V) 0
_S¢L(97 ) (b (97 ) 0
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éo is measured by the accelerometer, but this sensor also
picks up a vibrations in the airframe, which has to be re-
moved with a low-pass filter. Like before, to keep all sig-
nals synchronized with the same phase delay, all terms with
subscript zero will be filtered and receive subscript f instead.
The equation can then be inverted to obtain:

v=v;+m(Gr(n,T)+Gr(n, V)" (et — &) (17)

where éref is the reference acceleration to track.

The functions L(¢, V') and 2 L(0, V') still have to be de-
fined for the vehicles with a wing, for a pure rotorcraft they
are zero. Recognizing that the lift only needs to be known to
compute the effectiveness of rolling, we assume level flight
and a simple relationship with the pitch angle:

L(6,V) ~ L(§) = —9.81 sin(—6)m (18)

where 6 is bounded between — /2 and 0.

Similarly, we assume that in forward flight the thrust just
compensates the drag, and its effect on accelerations other
than in the thrust axis is small, such that for 7" in Eq. 12 we
can write:

T(6) = —9.81 cos(0)m (19)

where again 6 is bounded between —7 /2 and 0.
Finally, the rate of change of the reference v is computed
in order to reduce sideslip 3, using feed forward and feed

back:
gtan(¢y)
Vi

where ?Lref is the rate of change of the heading reference, g
is the gravitational constant and V} is a limited airspeed, with
10 m/s as a lower limit, to avoid unachievable rotations. This
term is not relevant for the quadrotor, as sideslip is not detri-
mental to its lift generation. Still, it can be kept in as it will
also not degrade the flight performance of the quadrotor.

Equation 17 provides a control law for the linear accel-
erations. The reference can again be obtained from a simple
linear PD controller, if the goal is to hover at a waypoint. In
order to track a certain trajectory, appropriate reference ac-
celerations can be computed. In this paper, additionally the
line tracking velocity vector field [10] was used together with
a proportional ground velocity controller.

Though the assumptions in this section are quite crude,
and the control effectiveness is probably inaccurate, the con-
troller is still able to track linear accelerations and execute
a simple flight plan. One can imagine that with a more ac-
curate control effectiveness, the performance may improve.
Important to observe is that the INDI controller provides an
abstraction layer: a simple linear controller that outputs an
acceleration reference can be used on top of it, that does not
need to know about the flight mechanism of the vehicle. The
changing control effectiveness matrices will account for the
different methods of manipulating the acceleration of the ve-
hicle.

Vret = + Ksf (20)
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4.1 Flight envelope limits

Another aspect in which the three types of UAVs are
clearly different is their flight envelope. The rotorcraft should
not pitch or roll too much, as that will render the vertical com-
ponent of the thrust too small to support the weight of the
drone. The fixed wing should not fly slower than its min-
imum airspeed, as that will stall the wing, and the reduced
dynamic pressure will render the control surfaces ineffective.

To make sure the different UAVs don’t exit their respec-
tive flight envelopes, different limits are imposed on the con-
trolled flight states of the outer loop INDI controller. These
are considered parametric differences.

Limit | Fixed wing | Hybrid | Rotorcraft
Pitch [deg] [-115,-75] | [-120,25] [-35,35]
Roll [deg] [-45.,45] [-30,30] [-35,35]
Airspeed [m/s] >10 - -

Table 1: Flight envelope limits in the outer loop INDI con-
troller.

S FLIGHT TEST RESULTS

Flight tests have been performed for three types of UAVs
discussed by this paper. All flights have been performed with
the same type of INDI control method. Each UAV has flown
a route over line segments connecting 4 waypoints. For the
rotorcraft and hybrid UAV, some static waypoints have been
added to the mission to demonstrate hover capabilities of
those platforms. Furthermore, those static waypoints force
the hybrid UAV to transition from forward to hover flight and
vice versa.

5.1 Horizontal guidance

Figure 3 depicts the two dimensional top view of the path
flown by the Parrot Disco running the INDI outer loop guid-
ance code. The flight path for this flight is directed in clock-
wise direction. The target airspeed for this flight was set to 12
m/s to prevent the UAV from stalling. The Parrot Disco starts
its turn to the next line segment 50 metres before reaching a
waypoint as can be seen in the diagram. This parameter was
programmed such that the UAV can join its next line segment.
It can be seen that the fixed wing UAV platform manages to
follow its target lines during its route.

A top view of the path flown by the Parrot Bebop2
quadrotor is depicted in figure 4. It can be seen that target
lines and target positions have been defined for this flight.
The target lines are being followed during a route whereas
target positions are approached, after which the vehicle hov-
ers at position. The direction of flight over the target lines
is in clockwise direction. It can be seen that when the UAV
approaches a line segment from a target position that it first
flies perpendicular to the line segment after which it joins and
follows the line segment.
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Figure 3: Horizontal position and target lines for the Parrot
Disco.
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Figure 4: Horizontal position, target lines and target positions
for the Parrot Bebop2.

A two dimensional view of the horizontal path flown by
the Nederdrone, the hybrid UAV, is given by figure 5. It can
can be seen that a mission consisting of target lines and tar-
get positions has been flown by this UAV. The flight path
connected by the target lines is defined in counterclockwise
direction. It can be seen that this platform does not track its
lines with the same accuracy as the Disco in forward flight
due to the smaller flight envelope in terms of roll angle and
a higher airspeed target of 15 m/s in forward flight. How-
ever the line tracking accuracy in forward flight is lower for
this UAV, the platform has the ability to track target positions
with better precision in hover flight as can be seen in the dia-
gram.
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Figure 5: Horizontal position and target lines for the Neder-
drone. Includes parts in forward flight, hovering, and com-
plex twisting tailwind transition maneuvers.

5.2 Vertical guidance

The test results of the vertical guidance for each type of
UAV can be evaluated through an altitude versus time plot as
given by figure 6. This plot reflects the altitude and target
altitude for each UAV over time.

Disco —— altitude
£ — target
o 80
b=
2
s 60

100 150 200 250 300

time [s]

Bebop2
. Mo\

altitude [m]
o wu

100 125 150 175 200 225 250 275 300
time [s]
Nederdrone

80

60 4

altitude [m]

525 550 575 600 625 650 675 700 725
time [s]

Figure 6: Altitude and target altitude versus time for the Par-
rot Disco, Parrot Bebop 2 and the Nederdrone.

First of all, it can be seen that the Parrot Disco has a climb
and descend in its mission in order to evaluate vertical guid-
ance commanded by the INDI outer loop control. An target
altitude is set from 70 metres to 90 metres and back to 70 me-
tres during the route. It is notified that there are some drops
in altitude below the target. This occurs during turns which
are not compensated for sideslip due to the lack of yaw con-
trol for this drone. The drop of altitude is approximately 10
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metres below its target.

Secondly, the mission of the Parrot Bebop2 has two climb
and descend step inputs between 5 and 7 metres altitude while
following a line segment. It can be seen that the tracking of
altitude for this platform is more accurate than for a fixed
wing due to the direct control of lift by the propellers instead
of a lift surface.

Finally, the Nederdrone has a descend and climb step in
its mission between 80 and 60 metres altitude. Those climb
and descend phases are carried out in forward flight. There is
a drop in altitude below its target at 625 seconds. This is at
the moment the drone transitions from forward flight to hover
flight for which the production of lift is gradually exchanged
from the wings to the propellers. The opposite is notified at
675 seconds then the UAV transitions from hover to forward
flight.

5.3 Flight states

Other flight states that have been logged are the roll angle
¢ and the pitch angle € using an Euler ZXY rotation order.
The airspeed has been logged for the Parrot Disco and the
Nederdrone which is used for forward flight.

Diagrams reflecting the pitch and roll angles for all three
UAVs are given by figures 7 and 8 respectively. The flight
envelope limits per platform as given by table 1 are visualized
by dotted lines in those diagrams.

It can be seen that the pitch angle € stays between the set
limits for all platforms. It is notified that the Parrot Disco
stays just below its maximum pitch angle limit to prevent the
UAV from stalling. The transition of the Nederdrone from
forward to hover flight that is initiated at 625 seconds can be
seen in the pitch angle plot by an increase in pitch angle. At
710 seconds, the Nederdrone transitions back from hover to
forward flight for which the pitch angle is decreased again.

The roll angle plots gives proof that the roll angle ¢ stays
within the preset limits for the Parrot Disco and the Parrot
Bebop2. The Nederdrone slightly exceeds its bank limit when
making turns.

Finally, the airspeed over time for the Parrot Disco and
Nederdrone are plotted in figure 9. The target air speeds for
forward flight are set to 12 m/s and 15 m/s for the Parrot Disco
and Nederdrone respectively.

It can be seen that there are some fluctuations in airspeed
for the Disco around its target. This occurs during turns in
which sideslip is not compensated due to lack of yaw control
for this platform. Therefore the following two effects play a
roll that cause fluctuations in airspeed: the airspeed sensor is
not aligned with the direction of flight and the drag induced
by sideslip affects the airspeed.

It can be seen for the Nederdrone that the target airspeed
of 15 m/s is being tracked in forward flight. At the transition
around 625 seconds it is notified that the airspeed drops to 0.
The hover target position is moved to another place around
675 seconds for which a non zero airspeed is visible on the
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Figure 7: 6 (Euler ZXY) versus time for the Parrot Disco,
Parrot Bebop2 and the Nederdrone. Dotted lines visualizes
the flightenvelope limits.
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Figure 8: ¢ (Euler ZXY) versus time for the Parrot Disco,
Parrot Bebop 2 and the Nederdrone. Dotted lines visualizes
the flightenvelope limits.

plot as pitch is being reduced to fly towards the moved loca-
tion of the target position.

6 CONCLUSIONS

This paper described a cascaded INDI inner and outer
loop controller, that is applicable to rotorcraft, fixed wing and
hybrid UAVs with only parametric differences. From the suc-
cessful test flights, we conclude that it is indeed possible to
use the same controller for these different UAVs. Parametric
flight envelope limits prove to be a simple and effective way
of preventing the controller from exiting the flight envelope.

The integrated sideslip controller is appropriate for hy-
brids and fixed wings, but is not required for multirotors,
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Figure 9: Airspeed versus time for the Parrot Disco and Ned-
erdrone.

which may be constrained in their heading based on the appli-
cation. This could be accommodated in the future by making
this functionality modular. In the future we will show the im-
plementation of this same controller in even more platforms
like quad-planes, helicopters and tailed fixed wings. Showing
the robustness of this controllers and leading to a single code
stack for all types of UAV platforms.
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ABSTRACT

Wireless ranging measurements have been pro-
posed for enabling multiple Micro Air Vehicles
(MAV5) to localize with respect to each other.
However, the high-dimensional relative states
are weakly observable due to the scalar distance
measurement. Hence, the MAVs have degraded
relative localization and control performance un-
der unobservable conditions as can be deduced
by the Lie derivatives. This paper presents a non-
linear model predictive control (NMPC) by max-
imizing the determinant of the observability ma-
trix in order to generate optimal control inputs,
which also satisfy constraints including multi-
robot tasks, input limitation, and state bounds.
Simulation results validate the localization and
control efficacy of the proposed MPC method
for range-based multi-MAV systems with weak
observability, which has faster convergence time
and more accurate localization compared to pre-
viously proposed random motions.

1 INTRODUCTION

The use of multiple aerial robots has been studied deeply
in recent years for more complicated tasks and challeng-
ing environments [1]. For example, a predictive control is
proposed for flights of a swarm of five quadrotors despite
cluttered obstacles [2]. In outdoor confined spaces, multi-
ple drones are controlled with the evolutionary optimization
method for flocking flights [3]. Multiple flying robots coor-
dinate with simultaneous localization based on ranging mea-
surements with beacons [4]. These recent studies show the
state-of-art aerial swarm methods. However, most of them
rely on extra positioning systems such as indoor optiTrack
[2], outdoor GPS [3] or beacons [4].

To remove the dependence of the external infrastructure
such as positioning systems, onboard sensors are deployed for
developing an autonomous swarm of drones. For example,
3D relative direction can be estimated by sound-based micro-
phone arrays and allows for leader-follower flights of micro
aerial vehicles [5]. An array of infrared sensors can also en-
able relative positioning and inter-robot spatial-coordination

*Email address: s.li-6 @tudelft.nl
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[6]. However, these sensor arrays are too heavy and power-
consuming for tiny flying robots. In [7], fully distributed and
autonomous multiple tiny flying robots explore unknown en-
vironments with finite state machine. However, the relative
localization is not very accurate due to the direct usage of
signal strength, which may not fulfil the precise cooperative
tasks.

Vision is the most widely used solution for multi-robot
relative localization. Outdoor flocking of multiple drones lo-
calize each other with deep neural network and cameras for
a safe navigation [8], which requires heavy Al hardware to
run the deep network, also for [9] and [10]. Marker-based
localization requires simple computation such as recognizing
black circles [11] or April tags [12]. But these visual methods
are easily influenced by the field of view or lighting condi-
tions that lead to detection failure and localization disaster.

Wireless ranging sensors provide omnidirectional and
low-cost ranging measurements, and recently have been used
frequently for relative localization. It was initially proposed
in [13], where use was still made of Bluetooth in order
to fit on tiny MAVs. In [14], an ultra-wide band (UWB)
based cooperative relative localization was proposed to es-
timate the neighbor drones’ position based on the distance
and self-displacement measurements under common orienta-
tion. Furthermore, [15] removes the orientation assumption
and achieves the relative localization purely using the dis-
tance measurement and acceleration model. However, these
experiments assumed high-order dynamic model and has low
ranging frequency, which is not efficient for a large number
of tiny robots.

In [16], a simplified velocity model and robust ranging
protocol are designed for multiple tiny flying robots with self-
regulated localization convergence. However, the initializa-
tion procedure with random velocity inputs is not efficient.
Thus, this paper considers using nonlinear MPC to design the
multi-robot controller by maximizing the task performance
and degree of observability, while satisfying the constraints
such as input velocity bounds and state bounds.

There are some related papers discussing the control of
bearing-based or rang-based multi-robot systems [17]. Most
papers use persistent excitation methods by setting specific
active control patterns to maintain observability, which is not
flexible nor optimal for other tasks or constraints.

The main contribution of this paper is leveraging weak
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observability theory to optimize the multi-robot control in-
puts, which has not yet been presented, to the best knowl-
edge of authors. Specifically, the proposed NMPC framework
maximizes the nonlinear observability condition derived by
Lie derivatives, which is coupled with the velocity inputs and
relative states. This leads to faster localization convergence
and higher estimation accuracy even after convergence, com-
pared to the random control inputs.

The rest of the paper is organized as follows. Section
2 states the problem including the range-based multi-MAV
model, weak observability condition and the problem defini-
tion. Section 3 proposes the nonlinear MPC method with the
cost function and corresponding constraints. Section 4 gives
the simulation results of the proposed control with Acados, an
integrated nonlinear MPC tool. The conclusion is discussed
in Section 5.

2 PRELIMINARIES

This section briefly introduces the multi-MAV kinematic
model and relative Kalman filter. Based on the relative model
and distance observations, the observability matrix is deter-
mined with Lie derivatives. Finally, the control problem is
defined by considering both the model and observability.

2.1 Relative multi-MAV model

The model of twin MAVs is described in this subsection,
as the relative localization is distributed and triggered by the
ranging event among arbitrary two MAVs. The simulated rel-
ative model has been tested in real experiments in our previ-
ous work, thus it has a small gap compared to the real-world
multi-robot system. For details, consult in [16].

Figure 1: The diagram of a twin-MAV kinematic model, and
two coordinated frames. Body frames and horizontal frames
are shown with blue axes and red axes, respectively. Both
frames are fixed to the robot, while the horizontal frames al-
ways have a vertical Z axis. The background images shows
previous experiments of multi-MAV relative localization but
without optimal control.

For simplicity, we assume the yaw rate of both robots
to be zero. This assumption has no influence on the 3D
movements of each robot. The control input vector u© =

y y

[vf, v, v, v ] represents the XY-axis velocities of the i*
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and j*" robots in their horizontal frames as shown in Fig. 1.
The velocities in horizontal frame can be obtained by rotat-
ing the measured velocities in body frame, so that the Z axis
in the horizontal frame aligns with gravity. The relative state
is denoted by = = [z;,ij,%;]T, which represents the j*
robot’s position and relative yaw in the horizontal frame of
the i*" robot.

The nonlinear relative kinematic model can be derived
from Newton formulas by considering the states x and ve-
locity inputs u, which can be written as follows [16]

cos(ij)vf — sin(ij)vf — of

& = f(z,u) = |sin(Pij)v] + cos(ij)v] —vf | . (1)

0

A distance measurement d comes from the DWM1000
ranging sensors, and has the following relation to model
states:

d=h(z) = \[23, + 4% + (h; — )2, 2

where h; and h; are the altitudes measured directly from the
height sensors. The function h(-) represents the scalar non-
linear observation.

2.2 Relative estimation

This subsection briefly reviews the Extended Kalman fil-
ter (EKF) for the relative localization. The discrete prediction
is formulated as:

Zppr e = F(Zr, up) = Tk + AL,

3)
Py = APy AL + BrQ,BY

where At is the update interval, P is the error covariance,
A = 0F/0x and B = OF/0u are the Jacobians of states
and inputs, and @ is the process noise covariance.

The final state estimation is estimated by using the dis-
tance measurement as shown below:

K = Pyw_H (H.Py,_Hj, + R,)™",

T = i:k|k71 + Kk(dk - Hk:ildkfl) ’ “
P, =(I—-KiH)Pyj_,

where K is the Kalman gain, H = Jh(xz)/0x is the obser-
vation Jacobian, R is the observation noise covariance, and I
is the identity matrix.

Remark 1 The kinematic model and EKF-based relative lo-
calization have been validated in real-world experiments

[16].

2.3 Observability constraint

Observability of nonlinear systems can be analyzed by
Lie derivatives [18]. The corresponding observability matrix
is defined as

O = [VLYh,VLh, VLIRT ©)
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where L ¢h means the Lie derivative of function f. The iter-
ations satisty three conditions: 1) L}h = h(z); 2) L5Th =
Vﬁ?h -£33) Vﬁ}h = 8£§h/8w.

Therefore, the relative states are observable only when
the observability matrix O is full rank. That means that the
determinant should be non-zero, which is expressed as:

0| = fo(z,u) = =2[—vjvis(y) + v/vic(¥)
—vivie(y) — vl vl s()] * [~viyize() + viyijs(i)
+ 07y + vfais(Y) + vizie(y) — viwi]
(6)
where s(-), ¢(+), and v are simplifications of sin(-), cos(-),
and 1);;, respectively.

2.4 Problem statement

The optimal control problem Pp with respect to observ-
ability |O| for this multi-MAV system is defined as:

max
u* ke{1,2..N}

N
k) =Y | fo @k, w)l (M
k=1
where u* is the optimal control vector at current time, which
is normally taken from an control sequence. The appropriate
control input sequence guarantees the strong observability of
the multi-robot system in the future, which can improve the
relative localization in both convergence speed and estimation
accuracy. The problem is how to calculate the optimal control
input sequence.

3 METHODOLOGY

This section proposes a nonlinear model predictive con-
trol for solving the optimal problem as described in (7). Then
the cost function is further extended for multi-robot tasks
such as formation control and motion tracking. In the end,
the solver settings for the nonlinear problem (NLP) are pre-
sented.

3.1 Nonlinear MPC

The intuitive solution for NLP is MPC, which can achieve
the target by minimizing the cost function. Hence, the non-
linear MPC for the proposed problem is designed as follows

U —mrlltlﬁlqil‘f J(x. e, w.p) (8a)
st Tpp1)e = (@, i) )0t + T (8b)
xop = saty™ (X)), (8¢)
Ip.¢ll2 — dsate > 0, (8d)

VLS UV VS s V5 S Vs (8e)

DL < Tij ey Yig,ot < Pu (8f)

where @ |; and u.}; stands for the sequence of states and con-
trol inputs in the prediction horizon. The first control value
Uy is taken as the input for the robots. The relative position
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is denoted by p = [, ;] . Saturation function sat() clips
data with lower bound x; and upper bound x,,.

The overall objective function J (., w.|;) is composed
by several cost functions, which will be designed later. The
remaining equations represent the constraints, which guaran-
tee that the controller satisfies the system dynamic as (8b),
the initial state condition related to the current estimated state
as (8¢), the safe distance for collision avoidance as (8d), the
upper and lower bounds of input velocities as (8e), and the
relative position bounds as (8f).

Remark 2 The constraint of initial state is related to the es-
timated state which is not correct before localization conver-
gence. Hence, the limitation of initial value is necessary to
avoid singularity when solving the NLP. A saturation func-
tion is employed to limit the the initial value as shown in (8c).
This is reasonable as many nonlinear robust MPC methods
for systems with uncertain states have their stability proof by
assuming bounds on the uncertain state.

3.2 Cost functions

A nonlinear least square (NLS) method is deployed for
minimizing the objective function of (8), which is written as:

J(m,‘t,u,“) = Jo(m.‘t, 'U/‘t) + JC($.|t,u.|t) ©)]

where Jo (.|, w.|¢) and Jo (.|, w.|;) represent the reformu-
lated observability cost and multi-robot formation coordina-
tion cost, respectively.

To maximize the observability with the NLS method, the
observability objective (7) is reformulated as the following
cost function.

J xlt,U|t

Zon

where wo, ap and €p denote the constant weight, amplitude

of cost value, and a small value preventing the singularity.
The coordination cost of Jc(w4|t,u4|t) is designed for

multi-robot tasks such as motion tracking. Given the refer-

| (10)

wkauk) +eo

ence position sequence p.; = [ij,.1t: Yij,1¢] "+ the motion
tracking cost function is designed as:
(@.1¢) Z wel|Prje = Pryel (11)

where p., is the predicted relative position sequence in the
proposed MPC, calculated by (8b). Specially, if the reference
sequence is constant such that p.;; = [a, a,], the multi-robot
motion tracking reduces to formation control.

Remark 3 Since the coordination task is inaccurate before
the localization convergence, the weight wo can be set dy-
namically for the control stability according to the localiza-
tion accuracy, e.g., the trace of the estimation error covari-
ance tr(P). However, a constant wc = 2 is enough for the
following formation task.
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Sometimes, a penalty cost can be introduced to smooth
the control inputs as follows:

N-1
Jo(wg) = wulluge — wp_1el] (12)
k=1

Other multi-robot motion control can also be incorporated
into the cost function of J(x.;;,w..). This paper does not
discuss the details of those cost functions such as flocking,
swarming, and cooperative coordination.

3.3 Acados solver

The nonlinear MPC solver we use in this paper is Aca-
dos, which is an open-source and high-performance library
for fast optimal control [19]. This software supports Python
and is finely tuned for multiple CPU. As for the model defini-
tion and differentiation, CasADi is employed to deal with the
constraints and model calculations [20].

The brief process of the solver setting is summarized as
below. First, the continuous optimal problem is discretized
by the multiple shooting method. Furthermore, real-time
iteration (RTI) is selected to solve the sequential quadratic
programming (SQP). The corresponding Hessian approxima-
tion is based on Gauss-Newton. The quadratic problems
(QP) in SQP are solved with the partial condensing HPIPM,
which is based on linear algebra library BLASFEO. Overall,
this solver has a competitive computation speed compared to
other stat-of-the-art NMPC solvers.

4 SIMULATION RESULTS

This section shows the improvement of the proposed non-
liear MPC on the relative localization performance compared
to the stochastic initialization procedure studied in [16]. The
statistics of the localization errors and convergence speed are
analyzed to validate the efficiency of the proposed controller.
In addition, adaptive formation flight of multiple MAVs is
studied as example application.

4.1 Simulation set-up

The following simulation experiments are conducted on
a Dell Latitude 7480 laptop with a i7-6600U CPU with 4
cores at 2.60GHz and 8GB of RAM. For the simulation ex-
periments, the corresponding EKF parameters are chosen as
At = 0.01s, tgm = 40s, Q = diag(]0.25,0.25,0.01]), and
R = diag([0.1]). The initial estimated relative states are set
to zero. In contrast, the initial ground-truth positions of each
robot are randomly generated, such that the EKF estimation
has no prior knowledge of the initial state information. The
error covariance is initialized as P = diag([10, 10, 0.1]).

As for the parameters of the proposed nonlinear MPC,
the horizon is set to N = 50 and prediction time to Ty =
1s, which means each control prediction takes J; = 0.02s.
Larger prediction horizon has long-term constraint guaran-
tees but with more computation burden. In the observability
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Figure 2: Relative state from EKF estimation and ground-
truth between two MAVs under the random velocity inputs.
The data consists of 2-axis relative positions and 1-axis rela-
tive orientation.

cost function, the parameters are ap = 0.021, ¢o = 0.001,
and wp = 1.

For the constraint settings, the saturation parameters for
the initial state vector are chosen as x; = [—4, —4, —15] and
@, = [4,4,15]. The safe distance is set to dsate = 0.1m. The
velocity input is bounded between v; = —2m/s and v, =
2m/s. The minimum and maximum relative positions are set
to p; = —4m and p,, = 4m, which prevents them flying far
from each other.

4.2  Improvement on relative localization

/
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Figure 3: Relative state from EKF estimation and ground-

truth between two MAVs under the nonlinear MPC controller.

The data consists of 2-axis relative positions and 1-axis rela-

tive orientation.

This subsection compares stochastic initialization with
nonlinear MPC, in order to verify that the proposed controller
with consideration of pure observability cost has better local-
ization performance than the former one. In this subsection,
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the multi-robot task cost J¢ is set to zero.

Fig. 2 and Fig. 3 shows the relative localization perfor-
mance with the same initial relative states and same param-
eters for the EKF. Be notified that the three initial states are
completely unknown for both the EKF and the controllers.
Additionally, the maximum velocities for both controllers are
set to be 2 m/s. From these two figures, we can see that the
relative positioning with optimal controller has a faster con-
vergence time (about 5s) compared to that of the random con-
troller (about 9s). Especially, observability optimized NMPC
has finite-time convergence in the axis of relative yaw, while
the random control leads to overshooting as shown in the third
subplot of Fig. 2. Therefore, the proposed controller with ob-
servability consideration excites all relative states which be-
come more observable even with the unknown initial state
erTors.

0 5 10 15 20 25 30 35 40
Time (s)

Figure 4: 30 simulation experiments of the stochastic con-
troller from [16] with random initial MAV positions. This
figure shows the estimation errors of 2-axis relative positions
and 1-axis relative orientation. Note that yaw error with -27
or 27 offset has no influence on the relative localization due
to the cos and sin operation.

In addition, after the localization is converged in Fig. 3,
the optimal controller automatically generates a periodic mo-
tion pattern which is similar to the manual-designed persis-
tent excitation motions. In addition, even with incorrect rel-
ative states, they still can avoid each other as shown in Fig.
3, because the observability cost penalizes the collision situa-
tion during which the observability determinant approximates
ZEero.

To validate the general efficacy of the proposed NMPC,
we gather more statistics on the performance. As shown in
Fig. 4 and Fig. 5, 30 random simulation experiments are
conducted for each controller. During each simulation epoch,
the initial positions for both robots are generated randomly.
Moreover, the velocity and distance measurement noise are
also created randomly. Both figures imply that the proposed
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NMPC controller has in general a faster localization conver-
gence speed.

Err x;; (m)

Err yj (m)

Err y; (rad)

15 20 25 30 35 40
Time (s)

Figure 5: 30 simulation experiments of the optimal controller
with random initial MAV positions. This figure shows the es-

timation errors of 2-axis relative positions and 1-axis relative
orientation.

Ll

ol L L == T L 1

T
x_nmpc

Convergence Time (s)

x_r:and y_nr‘npc y_r:and gu_nrlnpc [} rgnd
Figure 6: The statistics of convergence time of three-
dimensional relative localization under 30 random tests.
Blue: the proposed nonlinear MPC; Green: the stochastic
control.

Fig. 6 shows the comparison of the detailed convergence
time of two controllers with 30 random tests. From it we can
see that the average convergence time of the NMPC on all
axes is smaller than that of the random controller. Besides,
NMPC with observability constraint has a lower maximum
convergence time compared to random control inputs.

Another interesting result is the localization accuracy af-
ter estimation convergence. Fig. 7 shows the distributions
of position estimation errors in the last 5 seconds of two
controllers in the 30 random tests. Obviously, the proposed
NMPC has lower averaged position estimation errors com-
pared to the stochastic controller. Therefore, the behaviours
after convergence are still meaningful to the localization per-
formance. To study it, the control input u for two MAVs is
shown in Fig. 8. From which we can see that all 4-channel ve-

locities are approximating the maximum value of 2m/s. The

32
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Figure 7: Localization error of two controllers after estima-
tion convergence. Each distribution has total 15000 data on
these 30 random tests, which is taken from the last 5 seconds
when all estimators have converged.

0 5 10 15 20 25 30 35 40
Time (s)

Figure 8: The control inputs generated by the proposed
NMPC with observability optimization. These sequences
show the velocity input values corresponding to the simula-
tion in Fig. 3.

oscillations and changes of velocity direction occur due to the
state bounds and velocity limitation. The four velocities are
assigned different phases equally of the periodic motion pat-
tern. This asynchronous behaviour has not been considered
before, but NMPC can generate it automatically.

4.3  Formation control with NMPC

This subsection uses the NMPC controller for multi-robot
tasks. Examples of formation flight and dynamic motion
tracking are given below. At the beginning, a constant rel-
ative position is set in the task cost Jc, where p.;, = [1, 1]m.
The other settings of the solver remain unchanged. After 15s,
a variant relative motion reference is introduced, which is de-
fined as p., = [2cos(t),2sin(t)|m. This leads to a circle
motion of the second MAV around the first MAV.

The corresponding control results are shown in the fol-
lowing figures. In Fig. 9 we can see that the proposed NMPC
has fast and stable tracking performance given the formation
and dynamic tracking tasks at £ = 5 and ¢ = 15s respectively.
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In addition, the observability cost keeps being optimized si-
multaneously by the NMPC.

251 N
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Figure 9: Relative localization and ground-truth between two
MAVs under the proposed optimal control method and forma-
tion tracking multi-robot tasks. The target relative position is
constant before t = 15s, and variant after t = 15s.
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Figure 10: The world-frame trajectories of both MAVs under
the proposed optimal control method and formation tracking
multi-robot tasks. The time range of the data is between 10s
and 20s.

To view the motion of each MAV in world-frame, the tra-
jectories of both MAVs are plotted in Fig. 10. For the for-
mation flight during 10-15s, both MAVs move slowly with
constant relative positions. During 15-20s, both MAVs move
to achieve the circle tracking and keep optimizing the observ-
ability according to the asynchronous behaviours. In addi-
tion, from trajetories after 15s in Fig. 9 we can see that intro-
ducing the multi-robot task cost eliminates the transients as
shown in Fig. 8.
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5 CONCLUSIONS

This paper proposes a novel nonlinear MPC controller
with an observability cost to improve range-based multi-
MAV relative localization. Simulation results demonstrate its
faster localization convergence and lower estimation errors
with respect to previously studied stochastic motion. Future
work involves the implementation of this controller in real-
world micro air vehicles for better localization and control.
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ABSTRACT

This paper presents a nonlinear model of multi-
rotor drone dynamics selected specifically to be
suited for onboard motion planning using Model
Predictive Control (MPC), and presents a gener-
ally applicable procedure to identify the model
parameters solely based on outdoor flight data.
The model stems from a trade-off between pre-
diction accuracy and computational complexity,
approximating attitude and thrust control loops
as low order linear time-invariant subsystems but
without linearizing the thrust vector orientation,
and including linear aerodynamic drag and a
simplified battery voltage dependency. An open
loop simulation compared to recorded data from
a free flight maneuver motivates the proposed
model complexity in contrast to further simpli-
fications of the proposed model.

1 INTRODUCTION

Despite the current state of computing hardware with a

form factor that is convenient for compact drones, onboard
real-time motion planning and control remains a challenge.
Fully autonomous operation requires state estimation, motion
planning and control all to be executed onboard at a reason-
able update rate. One of the promising techniques for ad-
vanced motion planning and control is Model Predictive Con-
trol (MPC). Literature shows this technique already being ap-
plied for drone control and navigation, most often restricted
to position reference tracking over short horizons using lin-
earized dynamics to limit the computational load [1].
The modeling for simultaneous motion planning and control
using MPC asks for a trade-off between sufficient model pre-
diction accuracy and limited model complexity, to reduce the
computational load of solving a finite-horizon optimal control
problem. In literature, quadrotor models with varying com-
plexity and accuracy have been established, a short review of
which now follows.

*Email address: mathias.bos@kuleuven.be
ORCID: 0000-0002-5471-6691
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1.1 Related work

A detailed survey of existing kinematic and dynamic
models of quadrotors and their derivation is presented in [2].
This survey covers how in general these models can be de-
rived using the Newton-Euler method or the Euler-Lagrange
formalism, and how given some assumptions on structure
rigidity, symmetry and center of gravity, the most commonly
used basic quadrotor model is derived starting from Newton’s
second law. This basic nonlinear model can be formulated as

p =
v =g+ LRFf, (1
Jw =7 —-w x Jw,

where p is the drone position vector, v the drone velocity
vector, g the gravitational acceleration vector, m the drone
mass, R the rotation matrix from the body to the world frame,
f. the total thrust force, T the body torques, w the angular
rate vector and J the drone inertia matrix. The thrust force
equals the vector sum of all motor thrusts. Often they are
assumed to be aligned with the vertical body axis, such that
the thrust magnitude equals the sum of the individual motor
thrusts. Body torques can be expressed as a function of the
thrust forces and the quadrotor geometry.

The set of equations in Equation 1 still misses a rela-
tion between the orientation, here represented by the rota-
tion matrix R, and the angular rate vector w = [p,q,r]—r
This relation is usually constituted in one of three ways, de-
pending on the used representation of the drone body orien-
tation: through roll-pitch-yaw Euler angles and their deriva-
tives, through quaternion derivatives, or through the deriva-
tive of the rotation matrix itself. In terms of the roll-pitch-
yaw Euler angles ¢, 6 and 1, R is, introducing ¢, = cos(y),
s, £ sin(y), t, £ tan(v):

R =RyRoRy

cpy —Sy O0][cg 0 sg|[l O 0 2)
= |Sy Cy 0 0 1 0110 Cp —So¢|-
0 0 1 —Sp 0 Co 0 S¢ Cop

The Euler angle derivatives are in that case related to the
angular rates by

o1 n

) Sate Coto
O =10 ¢ —54 |W- 3)
w 0 S¢/89 C¢/89

w
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When using the quaternion rotation formulation R(q), the
derivative of the orientation uses the Hamilton quaternion
multiplication to express the derivative of the quaternion as

q= %q ) [2} [3]. In the third alternative, the derivative of

R can be formulated directly as R = R|wx |, where |[wx |
is the skew-symmetric matrix formed with the elements of w
[4].

The basic model in Equation 1 does not account for aero-
dynamic effects, which is often sufficient for applications
close to the hovering regime. In [2] and [5], a number of
aerodynamic effects and ways to model them are listed, such
as the ground and ceiling effect, the effect of the angle of
attack with respect to the free stream, blade flapping, and in-
terference caused by the vehicle body in the slip stream of
the rotor. Often, an approximation that is linear in the trans-
lational velocity is used such as in [6], as this describes the
dominant aerodynamic effects fairly well even up to signifi-
cant velocities. The velocity induced aerodynamic drag force
is then given by f, = ~RDR." v, with D a diagonal matrix
containing drag coefficients. This drag force is added to the
second line in Equation 1.

A very common approach to avoid the complexity and
nonlinearity of the standard nonlinear model, is to perform a
linearization around the hover state and assume small angu-
lar deviations from this state. Also for drone MPC this is a
popular approach, as it alleviates the computational burden,
but doing so sacrifices prediction accuracy for more dynamic
behavior that deviates significantly from the hover state [1].

Another approach to approximate the full drone model, is
to assume that an attitude controller is already in place, which
is either assumed to track attitude references perfectly as in
[7], or responds as a torsional inertia-spring-damper SISO
system in a fully linear rotational and translational model as
in [8].

Lastly it can be noted that more complex and detailed
models exist, such as [9], in which brushless DC motors and
electronic speed controller models are included. However, to
the best of our knowledge these detailed models are not used
in (online) motion planning and control.

A range of system identification methods is discussed
in [2], covering identification procedures for first principles-
based models, also referred to as white box models, for (lin-
earized) grey box models, and data-based black box models.
Often, however, model parameters are retrieved in a cumber-
some procedure from CAD models, which requires detailed
models for all parts of the quadrotor, and test benches for sep-
arate components such as the motors and propellers [10].

1.2 Contribution and paper structure

This paper proposes a nonlinear multirotor drone model
without a small angle assumption that is specifically selected
to address the trade-off between model complexity and com-
putational efficiency, together with a simple procedure to
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Wi-Fi Antennas

Here+ RTK

o

Figure 1: Quadrotor used in the experiments, displaying the axis
convention on the body frame with the roll-pitch-yaw Euler angles,
and outdoor infrastructure with safety nets.

identify the unknown model parameters, that does not require
special facilities other than the sensors that are present in a
realistic outdoor drone application and that do not require dis-
mantling the drone to identify components separately.

The paper is structured as follows. First Section 2
presents the model, next Section 3 describes the identification
procedure and parameter fitting results, and finally in Section
4 a free flight experiment qualitatively validates the proposed
model and identification procedure. This validation compares
the simulation of the proposed model to data recorded in the
experiment, and compares the simulation results with more
simplified versions of the model, justifying the inclusion of
nonlinearity, drag and battery voltage dependency. Lastly the
limitations to the applicability of the model are discussed.

2 PROPOSED DYNAMIC MODEL

The proposed model simplifies the ensemble of the drone
dynamics and the control cascade of attitude control, angular
rate control and motor control into a structure that takes throt-
tle input, roll angle, pitch angle and yaw rate references as in-
put, which is the control level often referred to as the stabilize
or angle flight mode in commonly used flight controllers. The
choice for attitude-throttle inputs in the proposed model is
motivated by the applicability on the popular hardware setup
where a Companion Computer (CC) performs high-level op-
timal control and sends reference inputs to the Flight Control
Unit (FCU)'. This setup shows a significant communication
and processing delay in the order of 0.1 s and the update fre-
quency of state estimates from the FCU to the CC is limited
at 50 — 100 Hz, rendering it infeasible to perform attitude
control which requires a control rate in the order of 400 Hz
[11]. Control with attitude reference inputs however has been
demonstrated with input frequencies around 50 Hz in [8] and
[12], which is realistic for the given setup and still allows dy-
namic control.

The proposed model is schematically shown in Figure 2.
The schematic reads from the top, starting with the control
inputs, to the bottom, towards the output which is the drone

!Computation hardware used for this paper:
FCU: Pixhawk 2.1 Cube Black running ArduCopter 3.7-dev firmware.
(https://github.com/unl-nimbus-1lab/ardupilot)
CC: Nvidia Jetson TX2 running Jetpack 4.3.
Serial communication with MAVLink using the Mavros library.
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Figure 2: Schematic representation of the proposed model.

position or motion. The control inputs are the roll angle, pitch
angle and yaw rate references ¢,., 0,., r, and the throttle in-
put 7'. The communication and processing delay between the
CC and the FCU is approximated by lumping it into an input
delay. The responses of the attitude and thrust with respect
to the delayed references are modeled as linear time-invariant
second order systems for the roll and pitch, and first order
systems for the yaw rate and thrust. The delayed and filtered
throttle input is multiplied by a thrust gain and a battery volt-
age dependent gain, as the battery voltage affects the deliv-
ered thrust for a given throttle input. R, the rotation matrix
from the body to the world frame, is composed with the Euler
angles ¢, 0 and v, following the axis convention displayed in
Figure 1. It is not linearized, allowing for an accurate rep-
resentation of large tilt angles. The orientation and the thrust
acceleration magnitude a; are prerequisites to obtain the rigid
body dynamics.

The rigid body dynamics are considered as those of a
point mass on which four forces act, represented by an equiv-
alent acceleration through division by the drone mass: thrust
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acceleration a;, velocity induced drag acceleration a,,, grav-
itational acceleration g and an unmodeled disturbance accel-
eration a4. The thrust acceleration and the drag acceleration
closely follow the proposed model from Faessler et al. [6].
The thrust acceleration, corresponding to Faessler’s mass-
normalized collective thrust term, is assumed to be oriented
along the body z-axis. Axial rotor drag causing thrust loss is
not accounted for in the thrust acceleration, but instead is in-
cluded in the drag acceleration. The drag acceleration follows
Faessler’s ‘RDRv’ model with D a constant diagonal matrix
containing drag acceleration coefficients. Complex aerody-
namic effects as introduced in Section 1 are neglected. The
velocity and position are obtained through integration of the
acceleration.

The equations of the resulting nonlinear state space
model, which is of the form & = f(x,u,II), are given in
Equation 4. A list of all variables and constants is given in
Table 1. The set of twelve parameters II that fully charac-
terize the system are highlighted in blue and are listed in Ta-
ble 2. How to obtain their values is discussed in the next
section. Overbarred symbols represent delayed inputs as in
@ = u(t — Ty). Vectors and their components are expressed
in the inertial world frame.

I Vg 1
Pa vy

Py v
r - (%)

g 1

Vy 'Uz'

5| = s

0 0
' R

17[} Co Cd,Cg. _ (4)
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[0, | 0 Vg 0
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L¥#]

() a Qay g

In this equation the rotation matrix R from the body to
the world frame in terms of the roll-pitch-yaw Euler angles is
defined as was described in Section 1.

3 PARAMETER ESTIMATION

To identify the parameters of the selected model, we fol-
low a procedure solely based on flight data, unlike previous
works describing cumbersome identification procedures on
test benches or based on CAD models. This procedure broad-
ens the applicability towards both open and closed source
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Symbol Variable Physical units
T Throttle input -
10) Roll Euler angle rad
0 Pitch Euler angle rad
P Yaw Euler angle rad
O Roll angle reference rad
0, Pitch angle reference rad
gi) Roll Euler rate rad/s
0 Pitch Euler rate rad/s
1/} Yaw Euler rate rad/s
P Roll rate rad/s
q Pitch rate rad/s
r Yaw rate rad/s
Ty Yaw rate reference rad/s
U Battery voltage v
R Rotation matrix -
a Acceleration vector m/s?
a Acceleration magnitude m/s?
v Translational velocity vector

(ground speed) m/s
p Position vector m
a; Thrust acceleration vector m/s?
ay Thrust acceleration magnitude m/s?
a, Velocity induced drag

acceleration vector m/s?
ag Disturbance acceleration vector m/s?
g Gravitational acceleration vector m/s?
S Laplace variable 5!
Symbol Constant Value
g Gravitational constant 9.81 m/s?
Un Nominal battery voltage 222V

Table 1: Model variables and constants with their symbol and phys-
ical units.

Symbol Parameter Value
Wn, ¢ Roll natural frequency 25.43 rad/s
Wn,6 Pitch natural frequency 23.40 rad/s
Co Roll damping ratio 0.44
Co Pitch damping ratio 0.39
oy Yaw rate decay constant 21.54 5!
ot Thrust decay constant 20.36 57!
K Thrust gain 54.55 m/s?
o Battery voltage exponent 1.71
dy Drag acceleration coefficient x 0.39 57!
d, Drag acceleration coefficient y 0.39 s
d, Drag acceleration coefficient z 0.51 s
D Drag acceleration

coefficient matrix diag([dy,dy, d.])
T4 Communication delay time 0.1s

Table 2: Model parameters with their symbol and identified value.
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platforms. Moreover, the procedure only uses sensor infor-
mation that is available in relevant, outdoor scenarios.

To gather the data to estimate the parameters II, we per-
form three distinct experiments that each apply a maneuver
repeatedly for varying input conditions, as illustrated in Fig-
ure 3. Decoupling the dynamics by applying step inputs on a
subset of the inputs allows to assess the quality of the result-
ing fit more easily. The maneuvers can be executed within
limited space, i.e. in this work specifically a flight zone of
30 x 15 x 10 m shown in Figure 1. Each experiment results
in M time series of varying length V. The sensors used by
the FCU are 1) an integrated IMU 2 2) a Here+ GPS module,
3) a lidar altitude rangefinder (Garmin LIDAR-Lite v3). As
a consequence of the approximate modeling of closed loop
subsystems, the full procedure including all maneuvers must
be repeated as soon as one of the components (e.g. battery,
propellers) of the drone setup changes.

Each of the maneuvers applies step inputs of varying mag-
nitude. Firstly, the roll/pitch maneuver applies roll or pitch
reference step inputs of 0.2 rad, 0.3 rad and 0.5 rad. The roll
and pitch parameters ITy = [wy, ¢, (o, Wn.0, C@]T are identi-
fied on the smaller steps of 0.2 rad, 0.3 rad to prevent angular
rate saturation. Each of the steps is repeated three times to
average measurement noise and random disturbances. Sec-
ondly, the yaw rate maneuver applies yaw rate reference step
inputs of 1 rad/s and 2 rad/s, each repeated twice, to iden-
tify the yaw rate parameter Il = o,. Thirdly, the thrust
maneuver applies varying throttle step inputs as illustrated in
Figure 3 while recording the vertical acceleration and the bat-
tery voltage to gather data for ascending, descending and near
to hovering conditions. The throttle input switches from T{
at time t( to 73 at ¢;. Red arrows qualitatively indicate the
magnitude of the applied throttle input. The thrust maneuver
is executed for 18 combinations of Tj and 77, with Tj rang-
ing from 0.05 to 0.30 and 7} ranging from 0.10 to 0.40, both
in steps of 0.05. Each of the combinations is repeated three
to six times over the battery voltage range from 21.5 V up to
24.5 V, resulting in a total of 72 recorded step responses. This
serves to identify the thrust parameters IT3 = [0y, K, a] '
The recorded orientation and acceleration in the roll/pitch
maneuver allow to estimate the drag parameters II, =
[de, dy, d.]" after an initial fit of the thrust parameters. Only
the data with roll/pitch reference steps of 0.3 rad and 0.5 rad
is retained to assure sufficiently high acceleration such that
the unmodeled disturbance acceleration is relatively low com-
pared to the thrust acceleration and drag acceleration. For the
same reason it is also important that the roll/pitch maneuvers
are performed in near to windless conditions. Because the
thrust identification is more accurate given accurate drag pa-
rameters and vice versa, their parameter estimates are updated
iteratively until convergence.

With the gathered data, first, the delay time 7 is found

2LSM303D integrated accelerometer / magnetometer, L3GD20 gyroscope,
MPU9250 Gyro / Accel
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Table 3: Error term and evaluated dynamics for the estimation of
each of the parameter subsets. The tilde indicates recorded data.

as the mean of the delay time between applied input and ob-
served change on the corresponding output over all experi-
ment data. Next, each of the remaining parameter subsets II;
is estimated in a least squares optimization:
II; = argmin V'
1L,
subject to: @; y+1 = Fj(xi k, Wik, IL;)  for k=0,1,...,.N;—1,

fori=1,2,...,.M

Tio = Tip, fori=1,2,...,M
)
where
M M N;—1
V=> Vi=>_ > e
i—1 i=1 k=0
tet1
Fj(zy, ay, I1;) Z/ Fj(xp, ug, IL;)dt.  (6)
ty

The integral from Equation 6 is evaluated using a fourth order
Runge Kutta integration scheme. The error terms e; 5, and the
evaluated dynamics f; for each of the identified parameter
subsets are given in Table 3.

This least squares problem is solved for each of the pa-
rameter subsets using CasADi [13]. The resulting estimates
for the parameters are given by Table 2. Figure 4 shows the
measured roll, yaw rate and throttle input step responses to-
gether with the simulated results using the obtained parame-
ters. The result for the pitch step responses is fully analogous
to the roll step responses and is therefore not shown. The
roll, yaw rate and throttle input step response data, on the top
left, top right, and in the middle respectively, clearly show
delayed predominantly second order and first order behav-
ior, captured well by the model simulation. The middle plot
shows the vertical acceleration as a function of time starting
from ¢; and as a function of battery voltage for fifteen rep-
etitions of the thrust maneuver, showing only throttle input
combinations 7 = 0.05, 0.10, 0.15 and 7} = 0.35 for vi-
sual clarity. The acceleration magnitude, shown as a function
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1. Roll/pitch maneuver 2. Yaw rate maneuver
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Figure 3: Illustration of identification experiment maneuvers, along
with the parameters identified in the experiment.

of both time and velocity in the bottom plots, is predicted re-
markably better with the inclusion of linear drag compared
to the simulation without any drag. The arrows indicate the
magnitude of the estimated drag acceleration.

4 RESULTS AND DISCUSSION

To validate the prediction quality of the model and to mo-
tivate the inclusion of the modeled effects, its simulation on
inputs from the first 1.5 s of a free flight using a rudimen-
tary MPC controller is compared with the simulation of sim-
plified versions of the model and the recorded experimental
data. During this experiment, the battery voltage is around 23
V.

The models under comparison are 1) the full model as
in Figure 2 and Equation 4, 2) a linearization of this model,
treating yaw as described in [4], 3) the proposed model ex-
cluding drag, 4) the proposed model excluding the battery
voltage dependency by assuming nominal battery voltage
throughout the simulation. The roll, yaw rate and yaw re-
sponses are also compared to the situation where no first order
or second order behavior is included and only the communi-
cation delay is considered. The adaptations to the full model
to obtain the simplified versions are given by Table 4.

The simulation results in Figure 5, in which all plots
correspond to the same short maneuver, prove that the full
model predicts the drone motion significantly more accu-
rately than the simplified versions of the model. Compared
to the recorded data and the full model simulation, the only
delay approximation clearly misses distinct evolutions of the
attitude responses because it omits the first and second order
behavior, as seen in the p, ¢, r and ¢ plots. The linear approx-
imation strongly overestimates the vertical thrust component
because of the assumption of small angles with respect to the
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Figure 4: Validation of the model with estimated parameters.

Model variation Model / change to the full model

Full model z = f(z,u,II)
Linearized ox = ‘g—£ x + 2—1{ u,
x*,u* x*,u*
x = x* + dx, with £* and u*
the hover state and hover inputs
No drag & = f(x,u,II)
withd, =dy, =d, =0
No battery dependency & = f(x,u,II) witha =0
Only delay b=0¢p,0=0,,r="7,

Table 4: Variations of the full model for the comparison of predic-
tion accuracy.
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Figure 5: Comparison of four model variations of varying com-
plexity with data recorded in the validation experiment. From top to
bottom: 1) drone position, 2) roll rate and roll, yaw rate and yaw, 3)
acceleration components in the world frame. All these plots corre-
spond to the same short maneuver.
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hover state, which is seen in the a, and 3D position plots. The
no drag approximation neglects the velocity induced counter-
acting force, hence overestimating the achieved acceleration,
most clearly visible in the a, and 3D position plots. The no
battery dependency approximation neglects the effect of the
higher battery voltage of 23 V compared to the nominal bat-
tery voltage of 22.2 V, hence underestimating the generated
thrust and therefore acceleration. Consequently, the 3D po-
sition plots show a lower altitude for this simulation. These
observations confirm the choice to include the low order ap-
proximation of low-level control loops, nonlinearity, drag ef-
fect and battery voltage dependency in the model.

To conclude this discussion, we discuss the limitations to
the applicability of the proposed model that the approxima-
tions of the done dynamics made in this paper bring. Firstly,
the low order decoupled approximation of control loops us-
ing an Euler angle representation and the assumption of lin-
ear drag restrict the use to low or medium velocity applica-
tions with limited roll and pitch angles. Secondly, saturation
on the angular rates is not taken into account, meaning that
for accurate predictions the high level planner should not re-
quest subsequent angle references that exceed the rate limits.
Thirdly, simulating with attitude and throttle as inputs while
neglecting a possible accelerometer bias in the identification
procedure entails large drift on the velocity and position pre-
dictions over longer horizons, as the prediction error on the
orientation and acceleration is integrated twice over time to
obtain the position. This high level of uncertainty demands
frequent corrections when using the model for estimation and
control, which is not a problem in the intended MPC setting
as this control strategy inherently comprises state feedback.

5 CONCLUSION AND FUTURE WORK

This paper presented a multirotor drone model and a pro-
cedure to identify its unknown model parameters using the
data measured during three simple maneuvers that do not re-
quire special facilities other than the sensors that are present
in a realistic outdoor drone application and that do not require
dismantling the drone to identify components separately. The
model was crafted to address the trade-off between sufficient
prediction accuracy and limited model complexity that arises
when considering autonomous drone applications. The com-
plexity of the representation of the low level control systems
steering the attitude and thrust was reduced by modeling them
as low order linear time-invariant subsystems. Linear drag
and simplified battery voltage dependency were proven to
benefit the prediction accuracy when included in the simu-
lation.

In future work we will exploit this model in MPC, aim-
ing for outdoor applications with a requirement for dynamic
autonomous control. Early tests show approximate planning
update rates of 20 Hz and more for time horizons over 10 s,
which, possibly supported by (linear) feedback control, is ad-
equate for many applications. Another interesting use of this
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model is the estimation of force disturbances, which were left
untouched in this paper. Disturbance estimation could serve
to estimate and reject wind influence for improved position
tracking performance, and to estimate and compensate for the
relative position and swinging of suspended payloads.
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ABSTRACT

Drones need to detect and localize each
other if they are to collaborate in multi-robot
teams or swarms. In this paper, a method
based on dense optical flow (OF) is devel-
oped that detects dynamic objects. This
is achieved by comparing the flow vectors
with the direction to the Focus of Expansion
(FoE) in the image plane. A simulation in
AirSim is developed to validate this approach
and to create a data set for motion-based
dynamic object detection. This simulation
includes ground-truth FoE, depth, OF and
IMU data. The results show that our method
performs well if the OF vector’s magnitude is
large enough and its angle is sufficiently dif-
ferent from those of static world points. We
expect that the presented method will serve
as a useful baseline for deep learning meth-
ods using dense optical flow as input.

1 Introduction

Nowadays, Micro Air Vehicles (MAVs) are becom-
ing more and more common. Reasons for their popular-
ity include their high maneuverability, vertical take-off
capabilities and ability to perform tasks that humans
cannot endure [1]. To further enhance the capabilities of
MAVs and overcome the individual limitations of MAVs,
swarms of MAVs were introduced. To enable the proper
functioning of the swarm, sensing of the environment
and the other MAVs is paramount. In particular, the
relative locations of MAVs inside the swarm are needed
for collision avoidance and swarm coordination [2]. The
most basic and robust method of obtaining the loca-
tions of other MAVs, is by exchanging positions obtained
from Global Navigation Satellite System (GNSS) signals.
However, GNSS signals are not always available, for ex-
ample when the signals are blocked, spoofed, jammed or
distorted by multipath effects.

*Email address: erik.vroon22@gmail.com
fEmail address: jim.rojer@tno.nl
tEmail address: g.c.h.e.decroon@tudelft.nl
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Computer vision is a promising alternative, because
cameras are small/lightweight and provide a vast amount
of information [2]. There are two main types of ap-
proaches solving the relative localization problem. The
first is to create a shared map of the environment and
have the MAVs exchange their location in this map. Si-
multaneous Localization and Mapping (SLAM) is a wide
field of research that targets the first type [3]. The sec-
ond type of relative localization focuses on the detection
of the MAVs themselves. This process is often simplified
by the use of physical devices called markers. These can
be either infrared (see the work of Walter et al. [4]) or
ultraviolet (see the work of Roberts et al. [5]) LEDs,
or colored objects. Markers require specific hardware
changes to the device, which may not always be desir-
able. Markerless detection represents a more difficult
problem. Some methods quite successfully rely on stereo
vision [6, 7]. Of course, for resource minimization, meth-
ods using a single camera are of interest. Currently, the
main approach with a single camera is to employ deep
neural networks that detect other MAVs in a single im-
age [8, 9]. These neural networks show promising results,
but it is not yet clear how well the trained networks can
deal with cluttered backgrounds. Moreover, if the drone
appearance or environment changes substantially with
respect to the training set, retraining may be necessary.

In order to obtain a solution that does not depend on
stereo vision or markers and that is more generic com-
pared to appearance-based methods, it may be useful
to use optical flow. Optical flow has multiple advan-
tages over its alternative vision-based methods. Firstly,
MAVs will possibly be detected in situations where they
are barely distinguishable for the human eye due to back-
ground clutter. Additionally, optical flow based methods
are less dependent on shapes and appearances of MAVs
compared to other methods. Finally, optical flow can
offer a larger maximum detection range compared to ac-
tive markers.

Some papers incorporate motion into their
appearance-based neural network, the so-called hy-
brid methods, such as the work by Yoshihashi et al.
[10], where the temporal information improves the
performance of the object detector in situations where
there is little contrast between the background and
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foreground. Nonetheless, it is a ground-based method
and uses static cameras, which is less challenging
compared to the situation where the observer is moving.

To our knowledge, the research done by Li et al. [11]
is the only work using purely optical flow without ar-
tificial neural networks for the detection of MAVs from
a moving observer in the air. With their method, they
were able to detect other MAVs, even when they were
barely visible because of their size and the cluttered
background. It has approximately the same detection
accuracy (87%) as appearance-based neural networks ap-
plied to MAV detection (maximum accuracy of approx-
imately 90%) [8, 12]. However, it is based on some as-
sumptions. The method of Li et al. is based on a combi-
nation of background subtraction and Lucas-Kanade op-
tical flow. The background subtraction process assumes
that the tracked objects have a very different motion
compared to a distant background, of which the motion
is modelled with a homography transformation.

This paper focuses on motion-based object detection
to detect MAVs from onboard a moving MAV in more
general, 3D environments. Specifically, we present an
optical-flow-based algorithm to detect dynamic objects
in video feeds from a moving camera. This is done by
comparing the flow vectors with the direction to the Fo-
cus of Expansion (FoE) in the image plane. This method
is applied to simulations run in AirSim [13]. These simu-
lations output ground-truth FoE, depth, optical flow and
IMU data, which are valuable for the development and
validation of motion-based object detection techniques.
The proposed algorithm’s image processing pipeline is
mostly ‘traditional’, exploiting knowledge on the prop-
erties of the (derotated) optical flow field. We believe
that eventually purely deep learning motion-based meth-
ods will achieve higher performance, but expect that the
presented, completely comprehensible pipeline will be a
useful benchmark method. Moreover, the results of our
method show some of the challenges that will also be
faced by deep learning methods, including difficult de-
tection for small optical flow, flow directions similar to
those of static world points, and the fact that other dy-
namic objects are not differentiated from MAVs in our
current pipeline. On this last point, in this paper all
moving objects are assumed to be MAVs, except for the
clouds, which we detect with a deep neural network. To
output only MAVs in an environment with other types
of dynamic objects, the pipeline has to be extended to
differentiate MAVs from other moving objects.

2 Detection method

The object detection method is illustrated in figure 2.
First, the optical flow (OF) field is derotated using the
rotation rates of the IMU. The location of the FoE is cal-
culated using the derotated flow. FoE is the point where
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the translational flow is 0. This is the motion direction
of the camera. All static points in the environment move
away from the FoE. Points that are closer to the cam-
era in terms of depth, have larger flow. Points that are
further away from the FoE have larger flow as well. Dy-
namic objects may move in other directions. Then the
associated flow vectors do not point away from the FoE.
Unfortunately, they may move away from the FoE lead-
ing to flow that is similar to static objects. The angle
k between the vector pointing towards the FoE and the
flow vector is calculated, as illustrated in figure 1. The
larger x, the more likely a pixel belongs to an object
moving relative to the camera. In the following subsec-
tions, the individual steps of the method are explained
in detail. All code used to reproduce this method and
its results can be found publicly online’.

image OF .
dynamic
static -
V.s‘%\OF
OF OF
‘—.D .............................. g > -
static A dynamic
dynamic P static
static OF
OF: dynamic
OF OF OF: static

Figure 1: Illustration of x for a camera moving forward.
The x angle denotes the difference between angle of the
vector pointing at the FoE and the angle of the flow
vector. For pixels of static objects, x is approximately
zero. For dynamic pixels, k is non-zero, except when the
object moves away from the FoE.

2.1 Calculating optical flow

As the object detection method relies on optical flow,
an accurate dense optical flow estimator must be used.
In figure 3, four neural networks estimating optical flow
are compared. They illustrate that on the MIDGARD
[14] dataset, LiteFlowNet [15] and Maskflownet [16] per-
form worse compared to RAFT [17] and FlowNet2 [18].
For all networks, the default weights were used. By vi-
sual inspection, FlowNet2 appears to perform best for
small moving objects. Therefore, FlowNet2 is used for
the results in the rest of this paper.

2.2 Derotation
Derotation has to be applied to the optical flow field
to estimate an accurate FoE. The derotation technique in

this paper is based on the work of Dinaux et al. [19]. The
derotation vector per pixel coordinate can be calculated

'https://github.com/evroon/mav-detection
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Figure 2: The proposed image processing pipeline.

from equation 1 describing optical flow (u, v) for a world
point 4 in terms of ego-motion (U, V, W being the body
velocities in X, Y, and Z direction and A, B, and C the
rotations around those same axes) and the coordinates
of the observed point (X, Y:, Z;, with image coordinates

w; = %+ and y; = 2), cf. [20].
U w
Uz‘:—74'%?4'14%%—396?—34'0%ZUT+UR
v 2
01177+y177011+A+Ay17B1L’y1:’UT+’UR

(1)
The optical flow can be split into two factors: the ro-
tational (ug, vg) and translational (ur, vy) parts. The
rotational part is only dependent on the pixel coordinate
and rotational rates of the camera (A, B, C). Therefore,
the structure of the scene (in particular, depth) has no
influence on the rotational part of optical flow. The In-
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(c) Maskflownet. (d) Liteflownet.

Figure 3: Different neural networks estimating optical
flow compared using the MIDGARD [14] dataset.

ertial Measurement Unit (IMU) of an MAV can be used
to measure the rotational rate.

2.8 Calculation of the FoFE

The Focus of Expansion (FoE) is the point where all
flow vectors point towards or originate from when an
observer moves through an environment. This point can
lie outside the camera’s Field of View, but in this paper
it is assumed to lie in the image plane. Nonetheless, the
method does work for FoEs outside the Field of View.

The FoE is calculated as presented in figure 4. First,
two optical flow vectors are randomly sampled. The in-
tersection of the two vectors is calculated. This process
is repeated N times, where N equals 1000. A RANSAC
scheme [21] is applied to the set of intersections to make
it more robust against outliers. The RANSAC method
calculates a location in the image where most intersec-
tions have a distance to this point that is lower than a
certain threshold. The resulting location is taken as the
location of the FoE.

RANSAC

Randomly sample
> flow vector

> Randomly sample
flow vector

N times

Calculate ||
N Intersection

FoE

Figure 4: FoE method flowchart.

2.4 Sky segmentation

In outdoor environments, clouds in the sky can also
move independently from the camera and generate sub-
stantial flow. Therefore, we segment clouds and sky by
appearance and mask them out from the result. To this
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end, we use HRNet-OCR [22] with the default weights
trained on the Cityscapes dataset [23]. By comparing the
depth buffer from AirSim with the segmentation mask
for the sky, one can validate the performance of the seg-
mentation. Because of the visual simplicity of the envi-
ronment in AirSim, the TPR of the sky segmentation is
at least 99.5% and the FPR is less than 0.1%. The sky
segmentation is performed at half the resolution of the
captured images from AirSim, to reduce memory and
computational effort of the GPU.

2.5 Thresholding and detection output

The output of the algorithm is based on the angle s
as illustrated in figure 1. The larger x, the more likely it
is that that pixel belongs to an object moving relative to
the observer. Pixels with a « angle larger than 15° are
marked as moving objects. Out of these marked pixels,
flow vectors with a magnitude smaller than 1 pixel/frame
are discarded, because the angle of such vectors is sensi-
tive to noise. However, the threshold on k can be more
substantiated by analyzing how the error in the angle of
the flow vectors behaves for various magnitudes of flow.
One would expect that the error of the estimated OF di-
rection increases for decreasing OF magnitude. This is
the case, as shown in figure 5. For 100 FlowNet2 images,
the radial error with respect to the ground truth OF data
is plotted for all pixels (except the sky) versus the mag-
nitude of the OF. The white line of 0.25 £ (0.5 + 5p) is
fitted manually. The flow magnitude and value of x that
lie in the area between the upper and lower parts of this
function, are discarded. Additionally, flow vectors with
a magnitude lower than 0.5 pixels/frame are removed.
The performance difference when using this ‘dynamic’
method of thresholding depending on the flow’s magni-
tude is presented in the results section (see figure 10).

3 AirSim

Simulations in AirSim [13] are carried out for var-
ious reasons. Most importantly, simulations can pro-
vide ground truth optical flow and FoE data that cannot
be retrieved in real life. The ground truth optical flow
makes it easier to develop a motion-based object detec-
tor, because the ground truth optical flow has no noise
or artifacts. Simulations also enable validation of the
algorithm on a low level, by for example comparing the
FoE estimation with the ground truth FoE. Specifically,
AirSim is chosen because of its realistic rendering and
support for MAVs, including various simulated sensors.

3.1  FEnvironments

One environment is used in AirSim: Landscape-
Mountains?. LandscapeMountains is a freely available

2https://wuw.unrealengine.com/marketplace/en-US/
product/landscape-mountains
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Figure 5: Histogram of the radial error in FlowNet2
(compared to the ground truth OF) versus the magni-
tude of the OF. Averaged over 100 OF fields.

project from Epic Games, the publisher of Unreal En-
gine. It was chosen because of its realism, while at the
same time being not too demanding. To diminish the
influence of visual effects on the estimation of optical
flow and the performance of the object detector, most
of these influences were removed from the simulation.
All moving actors (gates to fly through, birds) are made
invisible. The clouds are translated vertically by 500m
such that they appear above the terrain. Additionally,
to avoid reflections, the ice is replaced by a grass ma-
terial and the fog is disabled. This limits the method
to a set of real-world environments, but in a large range
of applications these assumptions can still be considered
valid. The only visible visual effect is the shadow of the
terrain and MAVs.

3.2 MAV control

The MAVs are controlled using Python scripts. A
loop is run for each simulation configuration, in which
the MAVs are controlled and the data from AirSim is
captured. First, the control inputs are calculated for the
MAV to detect and the observing MAV. The time is ad-
vanced for 43ms (23Hz) and lastly, the data from AirSim
is collected. The simulation is paused while obtaining
the data of AirSim, such that the IMU data and camera
frames are taken at the same timestep. The MAVs follow
their flight path with a maximum deviation of 0.14m.

Two types of sequences are recorded. Firstly, colli-
sion courses, where the MAVs fly towards the same point
at the same time at 4m/s. Secondly, sideways trajecto-
ries in which one MAV moves sideways in front of the
observing MAV, which moves forwards at 4m/s.
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3.3 Data acquisition

There are three visual outputs of the simulations: the
RGB camera image, the depth in the camera image and
the segmentation mask of the MAV inside the images.
These three outputs are taken from the same camera, so
all use the same projections. These outputs are shown
in figures 6a to 6¢. The camera image and segmentation
mask are saved as PNG files, while the depth image is
saved in AirSim’s pfm format, enabling the use of floats.
Additionally, sensor data is stored of both MAVs. This
includes IMU and GPS data, but also contains collision
data, the control inputs, FoE coordinates and camera
properties. The ground truth FoE is calculated using

the view projection matrix of the observer’s camera and
the observer’s velocity vector. The images are collected
at a resolution of 1920x1024 pixels with a framerate of
approximately 23Hz. The field of view of the camera is
90° and there is no distortion or noise in the image.

(a) RGB camera output.

S -

(b) G.t. segmentation mask.

ad
(d) Ground truth optical flow.

(c¢) Depth output.

Figure 6: The different ground truth (g.t.)
frames captured in AirSim (a-c) and the g.t.
flow (d) calculated from the depth output.

output
optical

3.4 Ground truth optical flow

AirSim has no built-in method of calculating dense
ground truth optical flow. However, it can be calculated
from the depth image and the viewprojection matrix of
the camera. This method is based on the work of Mayer
et al. [24]. A visualization of the ground truth optical
flow is shown in figure 6d and the steps of the method
are shown in figure 7. Using the depth image, one can
deduce the 3D world positions of all projected pixels by
multiplying the inverse of the viewprojection matrix with
the homogeneous pixel coordinates. This will result in
a point cloud. From these 3D points, one can calculate
their 3D positions one timestep ago. Finally, by apply-
ing the viewprojection matrix of the previous frame to
the 3D points, one obtains the 2D coordinates of the
original pixels one timestep ago. The difference between
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the original and the reprojected coordinates yields the
ground truth OF. The optical flow calculation has some
limitations. For example, the flow of visual effects is not
taken into account. This includes shadows, animations
of vegetation, reflections/refractions etc.

viewprojection matrix
of previous frame Reproject
Depth buffer |, Project to Add MAV 3D points to
viewprojection 3D point || Ve'?Cit\"tO > 2D screen
matrix cloud MAV's points
Original 2D depth
coordinates

Figure 7: Flowchart for calculating the ground truth OF.

3.6 IMU

The IMU is modeled using the default IMU in Air-
Lib, the library implementing MAV dynamics and sen-
sors inside AirSim. The biases and random walks of
the gyroscope and accelerometer are set to zero, leaving
IMU noise to future work. The IMU data is used for OF
derotation, cf. subsection 2.2.

3.6  Overview of parameters

An overview of all parameters for the simulations and
the object detection method is shown in table 1.

Table 1: Parameters of the simulation and method.

Parameter Value
Resolution 1920x1024 px
Framerate 23 Hz

Field of View 90°
Observing MAV speed 4dm/s

Fixed OF magnitude threshold 1 px/frame
Fixed OF radial threshold 15°

Number of collision course sequences | 6

Number of sideways sequences 9

Number of FoE validation sequences | 3

4 Results

This section will present the results in terms of per-
formance on the FoE estimation and object detection for
the simulations in AirSim.

4.1 AirSim

Because the accuracy of the object detection depends
on the quality of the FoE estimation, the error between
the estimated and ground-truth FoE is analyzed for dif-
ferent situations. A histogram of the FoE errors for one
sequence is shown in figure 8. This is recorded for an
MAYV moving (without rotation) at 4 m/s with an FoE
20 pixels from the left and right edges of the image and
an FoE in the center. Two characteristics are notable.
For a forward moving MAV, the estimated FoE is on av-
erage slightly offset upwards (by 7.2 pixels) and to the
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right (by 2.8 pixels), but this is small compared to the
total resolution of the image and therefore negligible for
the majority of all pixels. Moreover, the location of the
FoE affects the mean of the x distribution slightly, as the
estimated FoE tends towards the center.

1 left (9.16+9.6 px)
[ center (2.81+4.9 px)
[ right (-8.09+6.5 px)

-
[
o
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=
w o
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Figure 8: Histograms showing the error (in x and y di-
rection) between the g.t. FoE and estimated FoE, for a
FoE in the far left (at z = 20 px), center (at z = 960
px) and far right (at x = 1900 px) part of the image.
The legend includes the means and standard deviations
of the distributions.

The performance of the object detection method is
determined by the True Positive Rate (TPR) and the
False Positive Rate (FPR). TPR is the percentage of
pixels from dynamic objects that are identified as dy-
namic object pixels. FPR is the percentage of pixels
from static objects that are identified as dynamic object
pixels. Ideally, one would have a large TPR for a very
small FPR. In this case, the FPR is always relatively
small, but the TPR varies considerably. This is shown
in figure 9, where the TPR is plotted against x for var-
ious speeds of the MAV to detect. As can be seen, the
object detector is less accurate for slower moving objects.

The relation between the TPR/FPR and the mag-
nitude of the OF of the detected object is presented in
figure 10). The average TPR for xk between 180° and
90° is taken as measure of performance. It is clear that
lower OF magnitudes decrease the TPR, but the FPR is
unaffected. As hypothesized in section 2.5, a threshold
that is dependent on the magnitude of the OF vector (a
dynamic threshold) indeed results in a higher TPR for
slower moving objects. However, this also increases the
FPR to 0.5% - 2.0%, which could be considered accept-
able depending on the application. In situations where
the object to detect has a large OF vector, a fixed thresh-
old would be more suitable.
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Figure 9: TPR vs k, where MAV to detect moves from
left to right with four different speeds (thus four magni-
tudes of OF) at a relative distance of 5m, decreasing x
from 180° to 0°. A dynamic threshold is applied.

Additionally, lower values of x degrade the perfor-
mance of the object detector. This is illustrated in fig-
ure 11, in which the angle « is visualized. A higher inten-
sity in the image indicates a higher value of k, meaning
that the flow vector is not pointing towards the FoE.
Thus, such a flow vector does not only correspond to the
flow created by the translation of the camera, but also
to the motion of the object belonging to that pixel. In
figure 11a, « is large and therefore the MAV is easy to
detect. In figure 11b, the MAV is more challenging to
detect and in figure 11c, the method is unable to detect
the MAV as & is close to zero.

To test the method in more complex circumstances,
data was recorded for a collision course where the flight
paths of the MAVs cross at an angle of 75°, shown in
figure 11d. In this case, the MAV to detect remains
at the same location in the image during the sequence,
but becomes closer and therefore larger in the image.
It can be seen that the right part has a x angle close
to zero. However, using a dynamic threshold, the TPR
is still high (0.98) at the cost of a relatively high FPR
(2.8-1072). Unfortunately, this is only the case for short
distances. For a collision course, the flow magnitude at
large distances is too small to properly estimate x.

5 Discussion and Conclusion

We have introduced an optical-flow-based algorithm
for detecting other moving objects, where our interest
lies in the detection of other drones. The object detec-
tion method in this paper proves to work successfully if
the angle of the optical flow vector of the object to de-
tect is sufficiently different from the background flow, as
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Figure 10: TPR and FPR vs the magnitude of the OF of
the MAV to detect for k > 90° using a fixed and dynamic
threshold.

-- |
k ~ 180°. TPR: 0.97, Kk ~ 90°. TPR: 0.95, 900

FPR 6.2-1073. FPR 4.3-1073.

- - 0°
~ 0°. TPR: 0.93, (d) CC. TPR: 0.98,

FPR 1.5-1072. FPR 2.8-1072.

Figure 11: « displayed for various situations. In (a) to
(¢), the MAV moves sideways from left to right. In (d),
the observer and target are on a collision course (CC)
of 75°. The white dot represents the FoE. A dynamic
threshold is applied to calculate the TPR and FPR.

illustrated in figure 11. This means that objects moving
towards the FoE, which are crossing the flight path of
the observer and are thus considered dangerous, can be
successfully detected. Although the method is based on
assumptions of the OF, it does not assume a specific ap-
pearance of the moving object, which makes it suitable
for a wide range of applications.
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The method in this paper has the following limita-
tions. Most importantly, if the observer is stationary
or the dynamic object has no optical flow, detection
by means of flow direction will not succeed. Therefore,
MAVs on head-on collision courses cannot be detected
in this way because they have the same flow field as
the surroundings. A solution would be to utilize the
divergence of the OF field to detect head-on colliding
objects (just as for static objects). Another limitation is
the computational effort of our current implementation,
which is large due to the remaining deep network parts
of the pipeline. For example, FlowNet2 runs on approx-
imately 1.7 Hz on an RTX 2070 for 1920x1024 images.
This would be too slow to use in real-time on MAVs
themselves. Therefore, the resolution has to be reduced
and/or another optical flow method must be used on-
board.
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ABSTRACT

In recent years, autonomous drone races have be-
come increasingly popular in the aerial robotics
research community, due to the challenges in
perception, localization, navigation, and con-
trol at high speeds, pushing forward the state
of the art every year. However, autonomous
racing drones are still far from reaching human
pilot performance and a lot of research has to
be done to accomplish that. In this work, a
complete architecture system and an evaluation
method for autonomous drone racing research,
based on the open source framework Aerostack
4.0, are proposed. In order to evaluate the per-
formance of the whole system and of each al-
gorithm used separately, this framework is val-
idated not only with simulated flights, but also
through real flights in an indoor drone race cir-
cuit by using different configurations.

1 INTRODUCTION
1.1 Motivation

Autonomous drones have been increasing their applica-
tion in different tasks in recent years. The short flight time
of a quadcopter limits its use in missions such as search and
rescue. To take advantage of this, it is interesting to develop
agile drones that can explore or traverse an area in a short
time. Autonomous drone racing is a great environment to
push agile drones to the limit. The high speeds and agile ma-
neuvers required for this purpose increase the difficulties of
locating, controlling, and generating trajectories. To test dif-
ferent techniques to get the best results, it is useful to work
in a modulated environment that allows you develop and val-
idate different algorithms independently.

1.2 Related Work

Over the years, many different techniques have been de-
veloped to get the best results in Autonomous Drone Racing.
At the beginning, the speeds achieved in competition were
considerably low. In ADR 2017, a combination of monocular
SLAM localization algorithm and a PID control won with a
mean speed of 0.7 m/s [1]. For IROS 2018 ADR, the winners
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used machine learning techniques for gate detection with an
MPC controller. They also improved the trajectories adding 2
points to the path, one before and one after each gate, getting
flight speeds near 2 m/s [2].

In 2019, there was a big improvement in how fast au-
tonomous drones could fly. For the first AlphaPilot competi-
tion, a novel architecture was developed [3]. In this architec-
ture, machine learning techniques are combined with a non-
linear filter for sensor detection and time-optimal trajectory
planning. Using a PD controller, they reached a maximum
flight speed of 8 m/s. In the same year, the winners of the first
simulated drone racing, NeurIPS 2019 Game of Drones, de-
veloped a controller using reinforcement learning techniques
[4], achieving a maximum speed of 16 m/s in simulation.

On the other hand, there are many simulation environ-
ments to test the different approaches. Moreover, many com-
petitions have been hosted in this simulators. Flightgoggles
[5] is a photo-realistic simulator used for AlphaPilot 2019.
Some of them have some APIs for a specific development.
Flightmare [6] has an API for reinforcement learning. Air-
Sim Drone Racing Lab [7] is a framework from Microsoft
with some APIs that allows you to focus your test on each
of the different research directions in autonomous drone rac-
ing. However, there are not many frameworks that combine
state-of-the-art algorithms with simulators to work as base-
line repositories for autonomous drone racing research.

1.3 Contribution

In this paper, we present a modular framework for de-
veloping and validating new algorithms for improving agile
drone flying using autonomous drone races as a perfect test
environment. This framework provides a modular system ar-
chitecture with some state-of-the-Art algorithms that allows
researchers to concentrate efforts on improving one of the
fields related to drone behavior, without needing to build a
whole system by themselves. Furthermore, a simulation en-
vironment based on gazebo is provided to test the algorithms
before jumping into real experiments. For real experiments,
we decided to use Pixhawk as the autopilot to ease the use of
this framework through the research community.

Finally, we propose a set of metrics for measuring the per-
formance of some modules separately and the performance of
the whole system to be able to compare different algorithms
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easily.
2 SYSTEM ARCHITECTURE

The system architecture that is presented in this work
has been developed using the Aerostack framework [8], an
open-source multi-purpose software framework for the devel-
opment of autonomous multi-robot unmanned aerial systems
created by the Computer Vision and Aerial Robotics (CVAR)
group. The Aerostack modules are mainly implemented in
C++ and Python languages and are based on Robot Operating
System (ROS) [9] for inter-communication between the dif-
ferent components, we refer the reader to the extensive doc-
umentation and publications that are available on its web site
1

Using the Aerostack software framework, a new system
architecture design was developed for the tasks presented in
this work. It has to be noted that, although Aerostack frame-
work is able to provide predefined components and intercom-
munication methods to provide autonomy to UAVs, the com-
ponents that are described in this work were completely de-
signed and developed for the objectives described in this pa-
per. Fig. 1 shows the functionalities that have been imple-
mented in this work. In the figure, colored rectangular boxes
represent data processing units (or processes in short) that are
implemented as ROS nodes. They are organized in the fol-
lowing main components:

» Sensor-Actuator Interfaces: to receive data from sen-
sors on the aerial platform and send commands to robot
actuators.

* Communication Channel: Based on the Aerostack
framework, our architecture uses a common communi-
cation channel that contains shared dynamic informa-
tion between processes. This channel facilitates pro-
cess interoperability and helps to reuse components
across different types of aerial platforms. The chan-
nel is implemented with a set of ROS topics and ROS
messages.

* Robot Behaviors: Robot behaviors implement the
robot functional capabilities including motion control,
feature extraction, state estimation, and navigation.

* Mission Control: Mission control executes a mission
plan specified in a formal description. In this im-
plementation, the mission plan is specified using the
Python language using a set of prefixed functions to
start and stop robot tasks. A behavior coordinator com-
ponent [10] is used to translate planned tasks into con-
sistent activations of robot behaviors.

This work utilises the behaviorlib library for program-
ming robot behaviors with execution management functions

lwww.aerostack.org
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[10]. This library is open-source and provides tools for build-
ing, executing, and monitoring behaviors, as it is influenced
by the behavior-based paradigm in robotics. According to this
paradigm, the global control is divided into a set of behavior
controllers and each one is in charge of a specific control as-
pect separately from the other behavior controllers.

Next sections describe in more detail the components re-
lated to robot behaviors and mission control.

3 ROBOT BEHAVIOURS

A behavior defines a basic functionality of a system, such
as moving to a point, moving an actuator, activating a sensor,
and includes the three following principles:

e Common data channel: Each behavior controller
should be able to execute separately assuming that the
required input data is available in the common data
channel.

* Activation management: Each behavior is programmed
with an activation management mechanism which han-
dles how to start and stop the execution of the behavior
controller.

e Execution monitoring: Execution monitoring is a
kind of self-awareness computing process by which
the robot observes and judges its own behavior. This
includes possible behavior termination states such as
"GOAL ACHIEVED”, "WRONG PROGRESS” or
”PROCESS FAILURE”.

Aerostack provides behaviors which can be divided in the
categories explained in the following subsections.

3.1 Motion control

All the set of behaviors that are responsible for controlling
the movement of the drone. This category includes simple
behaviors such as take-off, hovering or landing, as well as
more complex behaviors such as generating a trajectory and
making the drone follow it.

In order to realize aggressive maneuvers on a quadrotor, it
is necessary to employ a non-linearized controller. We have
implemented a quadrotor control algorithm based on differ-
ential flatness and the corresponding behaviors inspired by
the work made by Melligner et al. [11] with several modi-
fications, so the output of the controller corresponds to an-
gular velocity references and the desired collective thrust of
all motors. The input of this controller consists in the posi-
tion, speed and acceleration references provided by a trajec-
tory generator.

Due to the need of generating trajectories for the con-
troller, a polynomial trajectory generator [12][13][11] has
been used. The trajectories are generated on a set of way-
points and are optimal in acceleration, which guarantees
smoothness in the actuator commands. Moreover, the tra-
jectories generated are constrained by maximum speed vy,q4
and maximum acceleration a,;,,, parameters.
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Figure 1: System architecture

3.2 State estimation

In order to achieve the level of control required for this
project, it is necessary to provide the best state estimation
possible to all components involved. Aerostack provides mul-
tiple components for this task, obtaining data from multiple
sensors such as cameras (for relative positioning to a certain
object), IMU, laser sensors, depth cameras, or lidar.

Some of this sensors or estimators should not be always
trusted, as cumulative errors can and will happen, so it is nec-
essary to combine the feedback from several of them using
sensor fusion approaches, like the multi-sensor-fusion algo-
rithm developed by Linnen et al. [14], to achieve the most
accurate and reliable state estimation possible in every situa-
tion.

However, for the real flights, we decided to use the state
estimation provided by an Intel Realsense T265 Tracking
Module, due to the ease of use and the reduction of the com-
putational load of the on-board computer.

3.3 Perception

Perception is a key problem in the proposed scenario,
since UAVs need to detect and locate each of the gates ac-
curately to be able to complete the full track.

Since the detection and pose estimation of the gates is a
difficult problem itself, to evaluate the rest of the proposed
framework components without the influence of possible er-
rors in perception, we placed ArUco fiducial markers [15] in
each gate to estimate the relative position to the UAV’s main
camera. Each marker also encodes a unique gate ID, enabling
us to design arbitrarily complex tracks. For the detection of
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such markers, we use OpenCV [16] implementation of the
method proposed in [17]

3.4 Navigation

When the gates are located in the real world, it is nec-
essary to plan the path that the aircraft must follow to pass
through them and avoid other obstacles. For this approach
we considered two scenarios:

e Lack of knowledge of gate positions. The aircraft
does not have any information about where the gates
are located, so it has to begin looking for them in order
to generate the waypoints to pass through the gates. As
long as the aircraft pass through the circuit, new gates
will be in sight, so the quadrotor can add these gates to
its route. In this scenario, the aircraft is always consid-
ered to see at least the following gate.

¢ Gate position awareness. The aircraft knows an ap-
proximated position of each gate of the circuit, so it
can generate complete trajectories through all the cir-
cuit that must be corrected with as long as the gates are
in sight, so it has to update the initial gate positions to
pass through the circuit. This is how the majority of the
autonomous drone racing competitions works.

In both approaches, each gate center is treated like a way-
point in a path, and this waypoint position is updated as the
quadrotor flies through the circuit. Whenever the quadrotor
passes through one gate this gate center is removed from the
path. This path is sended to the trajectory generator, which
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takes charge of commanding the quadrotor to pass through
the gates.

4 EXPERIMENTS

To validate the system architecture proposed and the suit-
ability of the different algorithms selected, several experi-
ments have been realized, not only in simulation, but also
in real. For analyzing this performance, several metrics have
been used:

o State Estimation error: For measuring the accu-
racy of the state estimation algorithm, we compute the
RMSE (Root Mean Squared Error) between the esti-
mated state and the ground truth.

* Trajectory following error: To evaluate the perfor-
mance of the controller proposed, we decide to mea-
sure the trajectory following error, calculated with the
RMSE between the trajectory sent by the trajectory
generator and the real trajectory followed by the air-
craft.

* Speeds: In autonomous racing, other metrics like the
maximum speed reached, the medium speed, or the
elapsed time to go through all the circuit must be taken
into consideration.

All metrics obtained from the different experiments were
obtained automatically using an evaluation script on the raw
data recorded during the flights.

4.1 Simulated Flights

Initially, the system was validated in simulation using
Gazebo [18] simulator and the iris drone as a simulated
quadrotor. We generate a 5 gates circuit distributed along a
25 x 20 x 3.5 m area, see Fig. 2. The position of each gate
was known with an uncertainty of 3 meters, which forces the
system to recalculate the gates positions to avoid crashing into
them.

Figure 2: Gazebo environment used for simulated flight ex-
periments

We fly through the circuit multiple times with four differ-
ent speed configurations during each flight. In these experi-
ments, the state of the aircraft was provided by the simulator,
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so the state estimation error was not calculated. All other met-
rics were obtained at different speeds, see Table 1 and Table
2.

—— trajectory
——— estimation

ww
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Figure 3: Path followed by the aircraft when passing through
the simulated circuit with v,,4,, = 4.0(m/s) compared to the
trajectory generated for the motion control behaviour.

| x-axis | y-axis | z-axis | total

Umaz = 1.0 | 0.0552 | 0.0572 | 0.0602 | 0.0807
Umaz = 2.0 | 0.0647 | 0.0831 | 0.0734 | 0.1168
Umaz = 3.0 | 0.0959 | 0.0963 | 0.0924 | 0.1468
Umaz = 4.0 | 0.1001 | 0.1103 | 0.0952 | 0.1583

Table 1: RMSE between trajectory reference and estima-
tor measurements, expressed in meters, when the simulated
quadrotor pass through the whole circuit with trajectories
generated with different values of v,,,4, parameter

| Vinaz | Vavg | Elapsed Time (s)

Umaz = 1.0 | 0.8192 | 0.3848 127.6
Umaz = 2.0 | 1.5414 | 0.6896 61.1
Umaz = 3.0 | 2.7687 | 1.1828 38.8
Umae = 4.0 | 3.2657 | 1.2243 34.5

Table 2: Speeds (m/s) achieve during flights and elapsed time
to complete the whole simulated circuit employing different
values of v,,4, parameter in the trajectory generation.

4.2 Aerial Vehicle Platform

The aerial platform used for the real experiments was a
custom quadrotor based on the DJI F330 frame, shown in Fig.
4. This platform was equipped with a Pixhawk 4 mini as the
aircraft autopilot, an Intel Realsense T265 Tracking Module
used for state estimation, and an USB fish-eye camera for gate
detection.

Additionally, the aerial platform was equipped with a Sin-
gle Board Computer (SBC) NVIDIA Jetson Xavier NX with
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an 6-core ARM v8.2 , 64-bit CPU running Ubuntu Linux
18.04 Bionic Beaver for on-board computing. All computa-
tions required for the real experiments occurred in this SBC.

In order to obtain the ground truth position of the aircraft
during some experiments, a Motion Capture System (mocap)
was used. For localizing the aircraft inside mocap area, sev-
eral IR markers has been attached to the platform.

Figure 4: Quadrotor used for real flight experiments

4.3  Real flights

Due to space limitations in the mocap area we decided to
do two different experiments: in the first one we make the
drone pass through one gate with different speeds to evaluate
the state estimation error and the trajectory following error
of the controller, in the second one the aircraft had to pass
through a small circuit with 4 gates to test the performance of
the whole system in a complex task.

4.3.1 One gate crossing

For these experiments, the aircraft must localize a gate lo-
cated in gateposition = [2.0,0.0,1.5] (m) and pass through it
with 4 different max speed vy,q. = {1.0,2.0,3.0,4.0}(m/s)
values for the trajectory generation, see Fig. 5.

— 1m/s
— 2 m/s
— 3 m/s
— 4m/s

=
~

ocooorH
ohT~NONU
[ 8U'IO'~"'OU"OU-I

Figure 5: Path followed by the aircraft when passing through
the gate at different speeds. The position measures had been
obtained from the mocap system.
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To measure the estimator error provided by the Realsense
T265 Tracking Module when the quadrotor flies at different
speeds we use mocap system for making a comparison be-
tween the ground truth and the estimated pose of the quadro-
tor, see Table 3.

| x-axis | y-axis | z-axis | total |
Umaz = 1.0 | 0.1140 | 0.0248 | 0.0990 | 0.1236
Umaz = 2.0 | 0.1178 | 0.0173 | 0.1475 | 0.1561
Umaz = 3.0 | 0.1079 | 0.0283 | 0.2313 | 0.2468
VUmae = 4.0 | 0.1019 | 0.0545 | 0.3359 | 0.3474

Table 3: RMSE between Realsense estimation and ground
truth measurements, expressed in meters, when the quadrotor
flies through trajectories generated with different values of
Umaz parameter

Before flying through a more complex circuit, it is con-
venient to measure the trajectory following error of the con-
troller employed when the aircraft flies at different speeds,
see Table 4.

| x-axis | y-axis | z-axis | total
Umaz = 1.0 | 0.0360 | 0.0262 | 0.0494 | 0.0558
Umaz = 2.0 | 0.0683 | 0.0294 | 0.0633 | 0.0757
Umaz = 3.0 | 0.1229 | 0.0385 | 0.0691 | 0.0948
Vmaz = 4.0 | 0.1699 | 0.0393 | 0.0820 | 0.0980

Table 4: RMSE between trajectory reference and estimator
measurements, expressed in meters, when the quadrotor flies
through trajectories generated with different values of v,4,
parameter

For evaluating the performance of the system passing
through a drone racing circuit, other measures like the elapsed
time to complete the circuit , the average flying speed, and the
peak speed are needed, see Table 5.

| Vinaz | Vavg | Elapsed Time (s)

Umaz = 1.0 | 0.9670 | 0.5625 9.4
Umaz = 2.0 | 2.2556 | 0.9770 5.5
Umaz = 3.0 | 3.1249 | 1.2059 4.7
Umaz = 4.0 | 41673 | 1.5334 39

Table 5: Speeds (m/s) achieve during flights and elapsed time
to complete the trajectory employing different values of v,,4,
parameter in the trajectory generation.

4.3.2 Four gates circuit crossing

After validating the proper work of the whole system in
the previous experiments, the last experiments consist in fly-
ing through a drone racing circuit with four gates arranged in
the middle of the sides of a square of dimension 5x4 meters,
with different heights each one.We fly through the circuit with
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two speed configurations: v,,q, = 0.5 and v,,4, = 1.0 as we
can see in Fig 6 and Fig 7 respectively.

—— trajectory
—— estimation

Figure 6: Path followed by the aircraft when passing through
the 4 gates circuit with vy,q, = 0.5(m/s) compared to the
trajectory generated for the motion control behaviour.
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Figure 7: Path followed by the aircraft when passing through
the 4 gates circuit with v,,4, = 1.0(m/s) compared to the
trajectory generated for the motion control behaviour.

Due to the space limitation of the arena, the ground truth
poses were not acquired. However, the trajectory following
errors of the controller and the time and speed metrics have
been taken for comparing both flights, see Table 6 and Table
7.

| x-axis | y-axis | z-axis | total
Umaz = 0.5 | 0.0492 | 0.0701 | 0.0576 | 0.0855
Umaz = 1.0 | 0.0922 | 0.1491 | 0.1258 | 0.1414

Table 6: RMSE between trajectory reference and estimator
measurements, expressed in meters, when the quadrotor pass
through the whole circuit with trajectories generated with dif-
ferent values of v,,,, parameter

5 RESULTS DISCUSSION

On the simulated flights, the system was able to complete
the whole circuit at different speeds reaching speeds up to
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‘ Vinaz ‘ Vavg ‘Elapsed Time (s)

Umaz = 0.5 | 0.5316 | 0.2060 79.1
Umaz = 1.0 | 0.9231 | 0.4125 329

Table 7: Speeds (m/s) achieve during flights and elapsed time
to complete the whole circuit employing different values of
Umag Parameter in the trajectory generation.

3.2 m/s, with the trajectory following average errors around
15 centimeters. which validates the operation of the system.
Real experiments show that the proposed framework allows
a real quadrotor to fly through drone racing circuit gates at
speeds up to 4 m/s with a small increase in the trajectory fol-
lowing error compared with the simulated runs. The state
estimator sensor can reach average estimation errors higher
than 35 centimeters, adding this error to the trajectory fol-
lowing error could make the quadrotor collide with the gates
if their positioning were not updated with respect to the drone
position as long as the quadrotor navigates through the cir-
cuit. However, the limited computing capabilities of the SBC
makes that the trajectory generation spends a lot of time,
which worsens performance of the system when flying at high
speeds through multiple gates.

6 CONCLUSIONS AND FUTURE WORK

In this work, a modular framework for autonomous drone
racing has been proposed and validated through several ex-
periments, not only on simulation but also on real environ-
ments, being able to fly up to 4.16 m/s and to go through
an small circuit successfully. The state-of-the-art algorithms
proposed for each module, combined with the evaluation met-
rics proposed, constitute a baseline for research on improving
autonomous agile drone flying.

To improve this framework, a wider range of possibilities
to choose for each module must be given, like adding Predic-
tive Model Controllers, learning-based gate estimation meth-
ods, or a Visual Inertial Odometry estimator fused with other
sensors to improve the state estimation. Moreover, the do-
main gap between simulation and real life is substantial when
non-photorealistic simulators are used. Using a simulator like
Flightmare[6] would help to develop and test algorithms that
rely on images taken through the flight.
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ABSTRACT

In this study, a method based on a Brain-Computer
Interface (BCI) is proposed to continuously monitor
emotional states related to the performance of drone
pilots. As part of the contributions of this work, it is the
creation of a database to classify two states:
Quiet and Very Tense. The experiments were performed
in a simulated environment. The EEG data of each
participant was acquired using an EMOTIV Insight
headset with 5 EEG channels. We propose an algorithm
for automatic real-time artifact removal for five channels
as a quick alternative. The Asymmetry Index (Al) is
proposed as the main feature extracted from the frontal
and temporal regions of the brain, followed by statistical
measurements calculated from the Al vector to classify
the signals with standard classifiers: K-Nearest Neighbors
(KNN) and Support Vector Machine (SVM). We found
clear evidence that the Al calculated in the frontal and
temporal lobes of the brain is related to the response in
drone pilots under emotional tension.

1 INTRODUCTION

Recently, drones for different applications such as
civil and military service have increased, including
maritime, space shipping-
delivery, etc. [1]. Despite being one of the most versatile
tools, there are not enough studies that specifically focus
on measuring the emotional state of drone pilots during
the handling of unexpected emergencies.

missions, search-rescue,

Drone pilots engaged in long working hours manifest
acute stress, which in the long term can turn into
perceived stress [2], especially
environmental conditions [3].

There are different methods for measuring human
stress. Subjective methods use questionnaires [4], while
objective methods use physical measures, for example
facial expressions and blinking frequency, physiological
processes, for example measuring the level of adrenaline
in the blood, or using biosensors measuring the heart rate,
brain waves, among others [2].

under adverse
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Neuroscience has shown that the response of human
brain is affected by stress. Non-invasive technologies
such as fMRI [5], [6], and Electroencephalography
(EEQG) [7] are the most common sources to study brain
activity. However, EEG is a preferred application due to
technological advances and commercial availability.

In this study, we propose a method based on a Brain-
Computer Interface (BCI) to continuously monitor
emotional states related to the performance of drone
pilots, such as stress, fatigue, attention, and mental
workload levels. We compute the Asymmetry Index (Al)
[7] of the Alpha and Beta rhythms on frontal and
temporal regions. The experiments were performed in a
simulated environment under controlled conditions,
obtaining eight statistical measurements to characterize
the Al vector: mean, median, standard deviation, RMS,
peak-to-RMS, peak-to-peak, mean frequency, and power.
The proposed system employs these characteristics to
train two classifiers: K-Nearest Neighbors (KNN) [8] and
Support Vector Machine (SVM) [9]. The performance is
evaluated using the average of accuracy, precision,
sensitivity, and specificity [10].

To assess our model, a database was generated,
which is divided into three classes: Quiet, Tense, and
Very Tense. For the experiments presented here, we select
the Quiet and Very Tense groups for the classification
process.

The rest of this paper is structured as follows: Section
2 presents the relevant related work to this project. The
database generation and its processing are presented in
Sections 3 and 4, respectively. Results are shown in
Section 5, and finally, the conclusion are presented in
Section 6.

2  RELATED WORK

Emotions have a strong correlation with the left and
right frontal lobes activity. Stronger activation in the left
lobe is related to positive emotions. Instead, when the
activation of the right lobe is relatively more significant,
it represents mainly negative emotions [11], [2].

Numerous studies show clear evidence that frontal

asymmetry is related to emotional responses and
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disorders. Theoretical background can be consulted in
reference [12].

Studies related to the detection of stress suggest that
frontal asymmetry is a promising biomarker. In [13], a
method for identification of chronic stress is presented,
finding that the average Al of the stressed group was
lower than the group in relaxed condition. A similar result
was found by [14], [15], where alpha and beta power
asymmetry were analyzed. Low beta waves were
analyzed in [4] to quantify human stress, using a single
frontal channel efficiently. In [7], shows that the average
alpha, beta, and gamma wave Al tends to be lower in the
stressed group than in the controlled group and suggests
that alpha asymmetry is the best candidate. The
calculation of Al on alpha and beta regions reported in
this work is based on [7].

3  DATABASE CREATION

Three healthy male volunteers participated in this
experiment, with ages between 18 to 23 years old. One
subject showed a high level of skills for video games, and
the remaining two showed a moderate level; none of the
participants had experience in handling drones. Data were
acquired between 3 and 6 pm by the three participants.

The EEG data of each participant was acquired with
an EMOTIV Insight headset with 5 EEG electrodes (AF3,
AF4, T7, T8, Pz) and two reference electrodes
(CMS/DRL) located in the left mastoid bone. A data
transmission rate of 128 samples per second was used,
with a passband of 0.5 to 43 Hz and a notch filter at 50
and 60 Hz (https://www.emotiv.com/insight/).

A database was generated with information obtained
from the subjects in three emotional states: Quiet, Tense,
and Very Tense. In addition, Quiet and Very Tense
conditions have been used for classification.

3.1 Complementary Information
For each participant, we collect name, age, gender,
experience level with video games or drone driving, time
of experience, and relevant medical conditions such as
injuries, surgeries, chronic diseases, and allergies.

3.2 Experimental Development Environment

In the experiment, we employed two screens, shown
in figure 1. First, the operator controlled the experiment
using a Graphical User Interface (GUI), label in the figure
as “first screen,” which is linked to an application
provided by EMOTIV Insight developers, called
EmotivPRO. Then, using the GUI labeled in figure 1 as
“second screen,” the participant fulfilled the tasks
assigned on each test.
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First Screen

4]

Second Screen
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—

Figure 1: Experimental development environment. Screen
for the operator (left) and for the participant (right).

3.3 Practice with the Flight Simulator
A preliminary training session allowed each participant to
become familiar with the drone flight simulator and the
control commands.

3.4  Recording Calibration Signals

Signals correlated with noise generated by different
artifacts, as well as a baseline, were measured. Each
subject listened a guided meditation audio for 5 minutes
to induce a state of relaxation. Subsequently, each subject
followed the instructions shown on the screen to measure
ocular and muscular artifacts (eyes open, eyes closed, and
movements in all directions of the jaw, neck, and eyes).

3.5  Experimental Tests

Each participant completed different challenges in the
“DCL the Game” flight simulator (https://dcl.aero/), such
as following trajectories and overcoming obstacles on
each runway, to test precision and concentration skills.
The tracks sizes range from 30 sec to 2 min, depending on
the circuit and the pilot's skill in each test. Each session
was applied on different days lasting from 25 min to 35
min and exposing the participants gradually to three stress
levels: Quiet, Tense, and Very Tense (see Figure 2).

N L

Figure 2: General scheme of a session. Green, yellow, and
red blocks for Quiet, Tense, and Very Tense states,
respectively. The solid lines joining each block correspond to
a 30-seconds break.

Level 0 (Quiet): The participant performs basic
maneuvers, such as taking off, landing, turning right, left,
moving forward, and backward without obstacles.

Level 1 (Tense): The participant must run each track with
obstacles without suffering an accident with the drone.
The subjects are instructed to complete the tracks trying
to beat his own record in time. The signals obtained from
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each track are recorded and stored in the database. In
addition, the subject was immersed in music of action and
related genres to induce a more significant engagement.
Level 2 (Very Tense): The participant must fulfill the
same tasks as Level 2, while being distracted with
auditory and visual stimuli. Auditory distractors consisted
of sudden, short-lived audios. Visual distractors consisted
of randomly appearing images, blocking partial vision at
different sizes and positions on the screen.

Signals have been labeled and organized according to
the following characteristics: Emotional Tension Level,
Track Difficulty, Distractors, Pilot Performance, and Test
Start/End. In turn, each characteristic can assume one of
three possible levels.

4 PROCESSING

Signals classification must perform as a real-time
application. Therefore, there is a trade-off between
efficiency and speed throughout the entire process.
Figures 3, 4, and 5 show the algorithm proposed for real-
time signal processing: Detrend and Artifact Removal,
Brain Rhythm Filter, Asymmetry Index Calculation,
Feature Extraction, Model Training and Testing.

Start Code for Asymmetry
Online Index
Processing Calculation

Stores Resultas a
Vectorin Al

Dataset
Window Size for:
Preprocessing

Asymmetry Index
Feature Extraction
Window Step for:
Feature Extraction

Window Step for
Feature
Extraction
Iteration

Stores Each Window Size for
Capture Each Sample asa Feature
Sample Vector insignal Extraction
Iteration

Al length
>=

Window Size
Is the signal for Feature
length a Extraction ?
multiple of
Window Size
for
preprocessing ?

s the Window
Size for Al

length a
multiple of
Window Step
for Feature
Extraction ?

Stores Result in
Cleanedsignal
and FilterSignal

Is the
Filtersignal
length a
multiple of
Window Size
forAr?

Save Relevant
Informationina
Structure

Figure 3: Flowchart proposed for real-time signal processing.

4.1 Detrend and Artifact Removal
To detrend and remove the DC component of each
EEG channel, we applied Empirical Mode Decomposition
(EMD) [16], reconstructing the signals by omitting the
three lowest frequencies, using the [Intrinsic Mode
Functions (IMF).
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Several studies that show sophisticated techniques for
artifact removal are limited to offline systems [17], [18].
On the other hand, studies that eliminate artifacts in real-
time use 32 or 64 channels [19], focusing on eliminating a
single artifact [20], [21], or using a reference signal [22].

We propose an algorithm, inspired in the works of
[23] and [19], for automatic real-time artifact removal
using five channels. Our aim is to avoid complex
approaches proposing a practical and quickly applied
alternative. Figure 4 shows the general process.

Start Code for Artifact Removal
Capture the Signal
Calculate the Absolute Value
Normalizes from 0 to 1
Find Peaks
Calculate Peaks Outliers
Calculate Height & Width in Outliers
Calculate Gaussians with Height & Width

Subtract the Gaussians from the Normalized Signal

Rebuild the Signal

Figure 4: Proposed algorithm for automatic removal of
artifacts in real-time.

4.2 Brain Rhythm Filter
We designed two cascade IIR filters (high pass filter -
low pass filter) Chebyshev Type II of minimum order to
extract the Alpha (7-12 Hz) and Beta (12-30 Hz) rhythm.
Both were applied using an attenuation in the rejection band
of 60 dB per decade.

4.3 Asymmetry Index Calculation
The Alpha and Beta Asymmetry Index (Al) were
calculated using equations (1), (2) and (3), as described in
[7] and [24], and stored as a vector. Where Alf, Al; and
Al, represent frontal, temporal, and total asymmetry,
respectively. Pypg, Paps, Prg and Pp, represent the power
of the corresponding channel for the rhythm of interest.

Para— Pyr3
Al = ——= 1
f PaFrat PyFs 0
Prg— Pty
Al = —= 2
™ Prg+Pr; 2)
Al = AIf + Al 3)

4.4  Feature Extraction
Eight features (mean, median, standard deviation,
RMS, peak-to-RMS, peak-to-peak, mean frequency and
power) have been extracted from the asymmetry vector
Alg, Al y Al, giving a total of 24 for each rhythm.
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4.5  Model Training and Testing

Several models are trained for each step and window
size. In each execution (Run Number) the training set
(80%) and test set (20%) are randomly selected, and
different hyper-parameters were tested depending on the
type of classifier. For the KNN classifier, distance type
(euclidean, seuclidean, cityblock, minkowski, chebyshev,
cosine, correlation, spearman) and K number of nearest
neighbors (from 3 to 10) were iterated. For SVM, we used
Kernel functions linear, quadratic, cubic polynomial, and
Gaussian with a Kernel scale of 1.2, 4.9, and 20.

For each execution and iteration of hyper-parameters,
models are evaluated in their training and testing stage
with accuracy, precision, sensitivity, and specificity [10].
Finally, the mean of the four metrics was calculated to
select the KNN and SVM hyperparameters with the best
average for each step and window size (see figure 5).

Start Code for
Model Training
and Testing

Load Dataset,
Window Step, | Window Step
Window Size and Iteration

Run Number

Window Size
Iteration

Run Number
Iteration

Random Selection
of Training and
Test Set

Select the
Hyperparameters
with the Best
Performance for

Each Step and
Window Size

Hyperparameter Model Training

Iteration | I and Testing

Mean of Common
Metrics

Save Common
Metrics in a3D
Array

Save Graphics
and Relevant
Information

Mean of Each 3D
Array.

Figure 5: Process for training and testing all models.

5  RESULTS AND DISCUSSIONS

The dataset used in the process described in figure 3
contains the data obtained from the tests applied to each
subject. Preprocessing the signal and the calculation the
Al were performed using a window of 2 seconds. Four
window sizes of 30, 60, 90 and 120 s were considered to
extract features. Three window shifts for feature
extraction (see figure 3) were tested: 10, 20 and 30 s. The
process shown in Figure 5 for the evaluation of the
models during training and testing stage was repeated 20
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times (Run Number = 20). Figures 6, 7 and 8 show the
results obtained for each combination of step and window
size. These correspond to the best average (in percentage)
obtained from the four metrics (accuracy, precision,
sensitivity, and specificity) at the test stage.

It is observed for all subjects that, regardless of the
window step considered, the results tend to improve as
the window size increases. The best performance for all
three subjects is typically obtained when the window step
is 10 s for both classifiers. We can see that the results are
very similar among the classifiers.

Comparing the alpha and beta rhythms of the
different steps and window sizes for each subject
separately, we generally observe that the beta rhythm is
higher than the alpha rhythm.

Tables 1 and 2 show the best results and the
hyperparameters calculated in both classifiers for alpha
and beta rhythms, respectively. We observe that for the
KNN classifier, the best results are obtained using 3, 4
and 5 nearest neighbors. This favors the real-time
application objective of our study, since the smaller the
number of nearest neighbors, the shorter the time required
for classification.

Subject 01 e s
Blsce - %
KNN Alpha Rhythm SVM [ EEeie - 120
B N~
1 >0 o 1 20 S
3 0o S 3 gl 8
2 2} R ©
08} = " ° 0.8 | o
©| Jo 3 D
0.6 0.6 bl
0.4 0.4
0.2 0.2

0
step=10s step=20s step=30s
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(@)
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Elsize = 90
KNN Beta Rhythm SVM  Esio- 1205
| 588 58 el | 588 <58 ob
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— ] — 0|
0.8 ] 0.8 ]
0.6 0.6
0.4 0.4
0.2 0.2
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Figure 6: Subject 01. Mean of the metrics for the KNN and
SVM classifiers of the (a) Alpha and (b) Beta rhythms.
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Figure 7: Subject 02. Mean of the metrics for the KNN and
SVM classifiers of the (a) Alpha and (b) Beta rhythms.

Alpha Rhythm
Window KNN SVM
Metrics Hype - Metrics
Step Size |Average Average | Hyper - parameters
%) parameters %)

. 10| 90 97 |Polynomial Cubic
Subject 01 10| 120] 97 |Seucidean K= 4| 97 |Polynomial Cubic
Subject02 10| 120] 98 |Cityblock K= 3| 99 |Polynomial Cubic
Subject03 10| 120| 100 |Cityblock K= 3| 100 |Polynomial Cubic

Table 1: Best results obtained for the alpha rhythm.

Beta Rhythm
Window KNN SVM
Metrics Hyper - Metrics
Step Size |Average Hyper - parameters
) parameters | Average
Subject 01 10| 90| 99 |Eudidean K= 3| 99 |Fine Gaussian
10| 120 99 |Polynomial Quadratic
10| 90| 100 |Cityblock K= 3
. 10| 120/ 100 |Minkowski K= 5| 100 |Polynomial Quadratic
Subiect02 9 10| 100 |Seudidean K= 5| 100 |Medium Gaussian
30| 120 100 | Polynomial Cubic
Subject 03 10| 120/ 100 |Minkowski K= 3| 100 |Polynomial Quadratic
20| 120 100 | Polynomial Quadratic

Table 2: Best results obtained for the beta rhythm.
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Figure 8: Subject 03. Mean of the metrics for the KNN and
SVM classifiers of the (a) Alpha and (b) Beta rhythms.

6 CONCLUSIONS AND FUTURE WORK

In this study, a method is proposed using a BCI to
continuously monitor emotional states, which is related to
the performance of drone pilots. We built a database to
obtain three emotional states where Quiet and Very Tense
states were classified using KNN and SVM. Our findings
show that there is a clear separability between these two
groups. We proposed an algorithm for automatic real-time
artifact removal for five channels as a fast alternative.

We found that the Al in the Alpha and Beta waves is
an excellent feature related to the emotional response in
drone pilots in situations of emotional tension. Our study
suggests that the results corresponding to the four metrics
reported in figures 6, 7 and 8 indicate a better
performance when the beta rhythm is used, in comparison
to those obtained from the alpha rhythm.

Our next step is to expand the database, to test the
generalization ability of our model. This database will be
publicly available. Also, we will explore other classifiers
techniques such as neural networks based on Deep
Learning.
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ABSTRACT

This article is a technical report on the two differ-
ent guidance systems based on vector fields that
can be found in Paparazzi, a free sw/hw autopi-
lot. Guiding vector fields allow autonomous ve-
hicles to track paths described by the user math-
ematically. In particular, we allow two descrip-
tions of the path with an implicit or a paramet-
ric function. Each description is associated with
its corresponding guiding vector field algorithm.
The implementations of the two algorithms are
light enough to be run in a modern microcon-
troller. We will cover the basic theory on how
they work, how a user can implement its own
paths in Paparazzi, how to exploit them to coor-
dinate multiple vehicles, and we finish with some
experimental results. Although the presented im-
plementation is focused on fixed-wing aircraft,
the guidance is also applicable to other kinds of
aerial vehicles such as rotorcraft.

1 INTRODUCTION

Autonomous aerial vehicles are presented as a great as-
sistance to humans in challenging tasks such as environmen-
tal monitoring, search & rescue, surveillance, and inspection
missions [1]. As mobile vehicles, they are typically com-
manded to travel from point A to point B. Even more, the
requirements of the task at hand might demand a more pre-
cise route or path to be tracked while traveling from A to B.
Guiding vector fields allow autonomous vehicles to track de-
sired paths accurately with any temporal restriction. For ex-
ample, we only assign the vehicle to visit a collection of con-
nected points in the space (a geometric object); thus, we do
not concern ourselves when the vehicle visits a specific point
of such a geometric object. Guiding vector fields have been
widely studied and employed in many different kinds of ve-
hicles [2, 3,4, 5,6, 7].

Two guiding vector fields have been implemented in Pa-
parazzi, an open-source drone hardware and software project
encompassing autopilot systems and ground station software
for multicopters/multirotors, fixed-wing, helicopters and hy-
brid aircraft that was founded in 2003 [8].

The first guiding vector field, or simply GVF, allows
fixed-wing aircraft to track 2D (constant altitude) paths de-
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scribed by an implicit equation in Paparazzi [9]. This GVF
guidance system has been exploited to coordinate a fleet of
aircraft on circular paths [10]. The second guidance system
is the parametric guiding vector field, or simply p-GVF [11].
This evolved version allows fixed-wing aircraft to track 3D
paths described by a parametric equation in Paparazzi, and it
also allows the coordination of multiple vehicles [12]. The
main feature of the p-GVF is that it allows for tracking paths
that are self-intersected, such an eight figure, and guarantees
global convergence to the path. This p-GVF guidance sys-
tems has been exploited to characterize soaring planes.

Both implementations compensate for the disturbance of
the wind on the vehicle by crabbing. Crabbing happens when
the inertial velocity makes an angle with the nose heading
due to wind. Slipping occurs when the aerodynamic veloc-
ity vector makes an angle (sideslip) with the body ZX plane.
Slipping is (almost) always undesirable because it degrades
aerodynamic performance. Crabbing is not an issue for the
aircraft.

We split this paper into two equal parts focused on each
guidance system. We will briefly show how the GVF and
the p-GVF work and how they are implemented in Paparazzi
so that a final user can define and try his own trajectories
for fixed-wing aircraft. We present some performance results
from actual telemetry, and we end with demonstrations con-
cerning the coordination of more than one aircraft.

2 THE GVF GUIDANCE SYSTEM

2.1 Theory

This guidance system is based on constructing vectors
tangential to the different level sets of the path in implicit
form. Then, we add a normal component facing towards the
direction of the desired level set. This will make a guiding
vector that will drive the vehicle smoothly to travel on the de-
sired path. Since we only care about the direction to follow
and not the speed, we normalize the result to track a unit vec-
tor. This rationale is explained in Figure 1. We can express
this technique formally as follows

pa(p) == 7(p) — kee(p)n(p), )

where |I§ZII € R? is the unit vector to follow, ¢ € R is the

current level set, 7 € R? and n € R? are the tangent and nor-
mal vectors respectively to the current level set, and k. > 0 is
a positive gain that defines how aggresive is the convergence
of the guiding vector to the desired path. Note that all the
variables in (1) depend on the position p € R? of the aircraft.
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Orthogohal

Tangential

Figure 1: The GVF combines the vectors tangential and or-
thogonal to the level set of the desired path. The orthogonal
part always points towards the desired path if the gradient of
the level set is multiplied by the error quantity (current level
set - desired level set).

In order to align the vehicle’s velocity with the vector field
in (1), the control action in Paparazzi will need of the gradient
and the Hessian of the desired path [9]. In Paparazzi there is
another gain k,, for a proportional controller to align both, the
current velocity and the desired velocity.

2.2 Paths for GVF in Paparazzi

Let us illustrate this section with an example, and we will
use it to demonstrate how the user has to write code to imple-
ment an arbitrary path in Paparazzi. Let us focus on a circle
whose implicit equation is given by

P(x,y) :=a” +y°> —r* =0, )
where 7 is the radius of the circle, and z and y the standard
Cartesian coordinates. We first note that we define the desired
level set as the zero level set. Therefore, the variable e in (1)
can be identified as e = P(z,y). The gradient or n(p) in (1)
is trivially calculated as n(p) = [2z 2y|, and the Hessian

2 0

All these path-dependent quantities must be codified in a

file called gvf/trajectories/gvf-circle.c'.

void gvf_circle_info (float =xphi, struct

grad, struct gvf_Hess xhess)
{

struct

gvf_grad =

EnuCoor_f #p = stateGetPositionEnu_f();
float px = p—>x;
float py = p—>y;
circle’s

// Parameters of the

and radius

trajectory , ClEeEl

float wx = gvf_trajectory.p[0];
float wy = gvf_trajectory.p[l];
float r = gvf_trajectory.p[2];

// Phi(x,y) or signal e
#*phi = (px—wx) #(px—wx) + (py—wy) *(py—wy) — r*r;

/! grad Phi

'The code can be found at https://github.com/paparazzi/
paparazzi/tree/master/sw/airborne/modules/guidance
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Figure 2: The Paparazzi ground control station showing dif-
ferent times for the position of an aircraft tracking a 2D el-
lipse with the GVF guidance system. The white arrows con-
struct the vector field with unitary vectors calculated from (1).

grad—>nx =
grad—>ny =

)

o onu
N OO

// Hessian
hess—HI11
hess—H12
hess—H21
hess —H22

Then, the user needs to define a high-level function in
gvf/gvf.c to be called from the flight plan as follows

bool gvf_circle XY (float x, float y, float r)
: {

float e;
struct gvf_grad grad_circle;
struct gvf_Hess Hess_circle;
gvf_trajectory.type = 1; // It is a circle
gvf_trajectory .p[0] = x;
gvf_trajectory .p[l] = y;
gvf_trajectory .p[2] = r;

gvf_circle_info(&e, &grad_circle , &Hess_circle);

gvf_control .ke = gvf_circle_par.ke;

gvf_control_2D (gvf_circle_par.ke, gvf_circle_par
.kn, e, &grad_circle , &Hess_circle);

gvf_control.error = e; // For telemetry

return true;

The function gvf_control 2D calculates the desired roll
angle to be tracked by the aircraft in order to align its ve-
locity to (1). With only the definition of these two functions,
together with the corresponding definitions in headers for the
gains and used structs, is how a new path for the GVF guid-
ance system is defined in Paparazzi.

2.3 Performance in Paparazzi

The figure 3 shows the described trajectory of an aircraft
tracking a 2D ellipse in a windy environment. The airspeed of
the aircraft was around 11m/s, and the windspeed was around
5 m/s.
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Figure 3: The GVF in Paparazzi can be employed to syn-
chronize multiple aircraft in a distributed way. This caption
corresponds to the 2017 IMAV competition.

2.4  Multi-vehicles

When the desired path is closed, such as a circle, then we
can exploit the convergence properties of the GVF to synchro-
nize different aircraft on the path. The different aircraft have
to follow a positive or negative level set with respect to the de-
sired path. While following a negative/positive level set, then
the vehicle travels inside/outside the desired path and travels
a shorter/larger distance in one lap. In that way, the aircraft
can catch up or separate from each other. This can be done in
a distributed way without any intervention from the Ground
Control station. This implementation in Paparazzi has been
discussed in detail in [13] and the theory can be found in [10].

3 THE p-GVF GUIDANCE SYSTEM
3.1 Theory

The guidance system GVF has a big inconvenience; the
vector field (1) is not defined when the gradient is zero. We
call this situation a singularity. For example, if z = y = 0 for
the circle. That makes it impossible to implement paths with
self-intersections. To avoid this difficulty, we have developed
the parametric Guiding Vector Field or p-GVF [11]. We start
from the parametric equation of the desired path, for example,

for the circle
r =Trcosw
. )
y =rsinw

where w € R is a free parameter. Then, we consider a (24 1)
dimensional path (two physical dimensions, and one virtual
for w) as on the left side in Figure 4. Now, this new higher
dimensional path can be seen in its implicit form for each
coordinate so that we can apply a similar technique as in (1)
again. In particular, the new implicit form for the circle is

3)

€y =T —TCosw, e, =1y —rsinw, @
and the vector field to be followed has the form
§=Vue— Y kie;Ve, (5)

i={z,y}
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Figure 4: The p-GVF solves the singularity problem by tak-
ing a parametric description of the desired path. Then, the pa-
rameter w becomes a virtual dimension (topological surgery
on the left image) so that we construct a singularity-free vec-
tor field following the tangential+orthogonal vector approach.
The vehicle only needs to follow the projection of the vector
field on the physical world coordinates.

where the first term to be explained shortly makes the vehicle
to follow the path (tangential component), and the second one
makes the vehicle to approach the path (normal component).

The variable e = [e, €] ",V is the gradient operator (note

that Ve; = [0,...,1,...,%%]), and
Vee= (-1 [ 92 = ow)l ©6)

Note that the last term g—z sets the eventual velocity for w

to one. Eventually, in Paparazzi, the desired velocity for w
adapts to the actual speed of the vehicle. The main difference
with respect to GVF is that the resultant guiding vector is not
only driving the Cartesian coordinates but the virtual coordi-
nate w. This can be seen on the right-hand side in Figure 4.
We are free of singularities with this technique.

3.2 Paths for p-GVF in Paparazzi

Similarly, a user will need to define two main func-
tions for an arbitrary path. The first one defines the para-
metric/implicit equations of the trajectory, i.e., ez, ey, and
e, and its partial derivatives with respect to w for a 3D
path. In the following example, we take a tilted circle where
zp, and z; define the maximum and minimum altitude of
the circle of radius r. This function would be placed at
gvf-parametric/trajectories/gvf_parametric_3d_ellipse.c.

void gvf_parametric_3d_ellipse_info (float =fl,

float =f2, float =f3, float =fld, float =f2d,
float =f3d, float =fldd, float xf2dd, float =
f3dd)
{
3 float xo = gvf_parametric_trajectory .

p-parametric [0];

float yo = gvf_parametric_trajectory .
p-parametric [1];

float r = gvf_parametric_trajectory .p_parametric
[21;

float zl = gvf_parametric_trajectory .
p-parametric [3];
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float zh = gvf_parametric_trajectory .
p-parametric [4];

float alpha_rad = gvf_parametric_trajectory .
p-parametric [5]+«M_PI/180;

float w = gvf_parametric_control.w;
float wb = w * gvf_parametric_control.beta =*
gvf_parametric_control.s;

// Parametric equations of the trajectory and
the partial derivatives w.r.t. 'w’

// These are e.x, e.y, and e_z

«fl = r % cosf(wb) + xo0;

#*f2 = r % sinf(wb) + yo;

«*f3 = 0.5 %« (zh + z1 + (z1 — zh) % sinf(
alpha_rad — wb));

/! These are the partials of e.x, e.y, and e.z w
rot. w’
#«fld

= —r % sinf(wb);
«f2d = r * cosf(wb);
#f3d = —0.5 % (zl — zh) = cosf(alpha_rad — wb);

/! These are the second partials of e_x, e.y,
and e-z w.r.t. 'w’

#fldd = —r % cosf(wb);

#f2dd = —r % sinf(wb);

#f3dd = —0.5 % (zl — zh) % sinf(alpha_rad — wb);

}

Secondly, the following high-level function to be
called from the flight plan must be placed at guid-
ance/gvf-parametric/gvf_-parametric.cpp.

bool gvf_parametric.3D_ellipse_-XYZ (float xo, float
yo, float r, float zl, float zh, float alpha)
{

gvf_parametric_trajectory.type = ELLIPSE_3D;
gvf_parametric_trajectory .p_parametric[0] = Xxo0;
gvf_parametric_trajectory .p_parametric[1] yo;
gvf_parametric_trajectory .p_-parametric[2] r;
gvf_parametric_trajectory.p_parametric[3] zl;
gvf_parametric_trajectory .p_parametric[4] zh;
gvf_parametric_trajectory.p_parametric[5]
alpha;

float f1, f2, f3, fld, f2d, f3d, fldd, f2dd,
f3dd;

gvf_parametric_3d_ellipse_info(&fl, &f2, &f3, &
fld, &f2d, &f3d, &fldd, &f2dd, &f3dd);

gvf_parametric_control_3D (
gvf_parametric_3d_ellipse_par .kx,
gvf_parametric_3d_ellipse_par .ky,
gvf_parametric_3d_ellipse_par.kz, fl, f2, {3,
fld, f2d, f3d, fldd, f2dd, f3dd);

return true,

}

Note that we have a collection of positive gains to be tuned:
ks, ky, and k., for the convergence of the different Cartesian
coordinates.

3.3 Performance in Paparazzi

In figure 5 we show the performance of one aircraft track-
ing a simple Lissajous figure that is bent in 3D. The p-
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Figure 5: The g-GVF guidance system in Paparazzi allows
aircraft to track 3D paths. These flights correspond to dy-
namic soaring experiments where the aircraft was tracking a
tilted circle.
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Figure 6: The g-GVF guidance system in Paparazzi allows
aircraft to synchronize aircraft on 3D paths. In this example,
both aircraft are instructed to have the same w so that they
rendezvous.

GVF controller passes two setpoints to low-level controllers,
namely, the desired heading rate and the desired vertical
speed. The first one is handled by controlling the roll an-
gle of the aircraft depending on its actual ground speed. The
second one is handled by controlling both the pitch and the
throttle of the aircraft. Therefore, in order to have a good per-
formance in Paparazzi, the vertical speed controller must be
tuned in advance.

3.4  Multi-vehicles

We can employ the p-GVF guidance system to synchro-
nize vehicles on the desired path. Differently than with the
GVF, now we will focus on controlling the distances between
the virtual coordinates w for each vehicle. This is done by
injecting the standard consensus algorithm to the control ac-
tion, where each aircraft share their current w and compares
the subtraction with the desired value [12]. The result makes
the vehicles travel on the desired parametric path with their
desired relative w between each other. This algorithm can run
a distributed way, and there is no need for a Ground Control
station in Paparazzi. In figure 6 we show the rendezvous of
two aircraft on the same 3D path.

4 CONCLUSIONS AND FUTURE WORK

This article presents a technical report on the two guiding
systems based on guiding vector fields available in Paparazzi
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autopilot. We have shown how the user can implement its
own desired path by mainly creating two functions in C code.
The first function contains the mathematical information of
the desired path, while the second function is what is called
by the user from the Ground Control station. The presented
guiding systems can be employed in Paparazzi to coordinate
aircraft in a distributed way.

The future work focuses on extending the implementation
in Paparazzi to other vehicles such as rotorcraft and rovers.
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ABSTRACT

For aerial manipulators, steady flight must be
guaranteed to perform safety interaction with the
surrounding environment. This paper focuses
on the development of a position control algo-
rithm for an aerial manipulator system (AMS).
The position control algorithm is based on the
Immersion and Invariance (I&I) theory. The pro-
posed controller maintains the position of the
aerial manipulator at the desired point under ex-
ternal an internal disturbances. The control ar-
chitecture uses the Visual-SLAM technique im-
plemented using on-board sensors for AMS po-
sitioning. A series of outdoor experimental tests
are performed to demonstrate the effectiveness
of the proposed control strategy.

1 INTRODUCTION

The number of applications in which aerial robots are
used has grown rapidly over the recent years. Aerial manip-
ulators are designed to perform physical interaction with the
surrounding environment. Aerial manipulation research fo-
cus on improving mechanical designs, and control strategies
to increase the capability to manipulate objects, exert force on
a surface and use tools in realistic applications [1]. However,
technological challenges still need to be addressed before re-
liable use of such technology becomes possible. Among these
challenges, the capability to carry on a manipulator, and han-
dle disturbances during the movement of the manipulator is
still a difficult challenge for small-size UAVs but represents
an interesting research topic, and is the driving goal of this
work.

The quadrotor is considered one of the most efficient UAV
system for researchers around the world in the aerial manipu-
lation field [2]. Due to the higher maneuvering capabilities of
the quadrotor in comparison with other UAVs. A small-size
quadrotor is capable of loading a light-weight manipulator
and maintain a stable flight with a proper control algorithm
[3].

The quadrotor is a nonlinear, open-loop, unstable, and un-
deractuated system and the incorporation of a moving robotic
arm to the structure increases the disturbance to the system
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that cannot be easily eliminated by feedback controllers. In
order to tackle such problems and to improve the system per-
formance researchers have proposed a host of advanced con-
trol methods to guarantee a stable flight during the manip-
ulation task, including impedance control [4, 5, 6], Back-
stepping control [7, 8], and Proportional-Integral-Derivative
(PID) control [9, 10] to name a few.

A methodology to design direct and indirect adaptive con-
trollers for nonlinear systems, called Immersion and Invari-
ance (I&l), was proposed in [11]. The I&I method is a con-
trol tool based on two classical theories, which are system
Immersion and manifold Invariance [12]. The I&I approach
captures the desired behavior of the system to be controlled
by introducing a target dynamical system. Then, a suitable
stabilizing control law is designed to guarantee that the con-
trolled system asymptotically behaves like the target system
[13]. Adaptive controllers based on 1&I technique for UAV
systems were developed in [14, 15] as a control solution to
maintain the vehicle stable along the desired trajectory, and
in [16] a multi-variable finite-time composite control strategy
based on I&I was proposed for a quadrotor under unknown
disturbances.

Up to now, the 1&I control approaches for aerial systems
described in the literature consider the problem of the position
stability for the UAV but do not include the application of the
1&I approach to improving the performance of an aerial ma-
nipulation system during the movement of the manipulator or
the interaction phase, and considering for the aerial manipula-
tor from the perspective of proposing one controller to solve
the problem. In this paper, the divide and conquer strategy
is followed. Thanks to the engineering advances in quadro-
tor control, there are available in the market aerial vehicles
whose position dynamic response to operator inputs can be
modeled by first or second order systems. Hence, in this pa-
per, the internal commercial quadrotor controller is updated
with an external I&I adaptive control-loop to solve the posi-
tion control of an aerial manipulator.

The rest of this paper is organized as follows: The previ-
ous works of this research which present the development of
the aerial manipulator and the Visual SLAM method to oper-
ate in outdoor scenarios are presented in section 2. In section
3 we describe the position control strategy based on the 1&I
theory to maintain the system in the desired position. The ex-
perimental set-up and the results of this work are presented
in section 4. Finally, the conclusions of the results and a de-
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scription of the future work of this research are presented in
section 5.

2 BACKGROUND

Before beginning with the present research work, in this
section, we mention a background of the investigation, ex-
periments, and results in the aerial manipulation field we
achieved in recent years. At the beginning of of the research,
we developed an aerial manipulator based on a Commercial
small UAV (parrot bebop-2) with a 2-DOF arm to study the
behavior of the system with the added weight and the distur-
bances of the arm. The manipulator was designed and im-
plemented based on the technical capabilities of the selected
aerial platform. Then, when a stable flight was achieved
through a computational compensation control, we improve
the capabilities of the proposed aerial manipulator imple-
menting an external control-loop based on a Gain-Scheduling
(GS) PID control strategy to work with the internal bebop-2
controller and mitigate the disturbances induced by the move-
ment of the 2-DOF arm and the contact with a vertical sur-
face.

Rojas-Perez and Martinez-Carranza presented in [17] an
obstacle avoidance system based on the Visual SLAM ap-
proach to estimate the position of a bebop-2 taking advantage
of the on-board camera, and without any other motion capture
system to feedback the position of the vehicle. We combined
this estimation pose technique with our aerial manipulation
system to extend its capabilities to outdoor scenarios where
the use of caption motion systems to sensing the pose of the
vehicle are limited. Then, we presented a study of the be-
havior of the system in interaction with a vertical surface in
an outdoor environment. To improve the results of previous
works we consider the implementation of the 1&I as an al-
ternative to the GS-PID external control due to the capability
to increase the robustness of a nonlinear system against dis-
turbances [11]. In the following section, we present the 1&I
methodology and the implementation of our aerial manipula-
tion system.

3 THE IMMERSION AND INVARIANCE CONTROL
STRATEGY

The use of the I&I approach for stabilization of nonlinear
system was presented in [11]. Before explaining the imple-
mentation of this research, we briefly recall the fundamental
conditions for the standard I1&I controller design. Consider
the following system:

&= f(z) +g(x)u (1)

with state z € R™ and control u € R™, with an equilibrium
point z,. € R™ to be stabilized. Let p < n and assuming ex-
istence of mappings «(-) : RP — RP 7(-) : RP — R™, ¢(-) :
RP — R™,4(:) : R* — R*™P ¢(.,.) : R*z(n=p) 5 R™
such that:

The system (target system):
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£=a() )

With £ € RP? has a globally asymptotically stable equilib-
rium at &, € R? and z, = m(&,). (Immersion condition) For
all ¢ e R?

fw@»+gw@»do=§§a

(Implicit manifold) The following set identity holds:

(&) 3)

2 eR"|dp(x)=0=zeR"|z=7(),£€R? 4

(Manifold attractivity and trajectory boundedness) The
system:

. 09
2= 5 (f(@) +g(@)(z, 2)) ©)

With state z, has a globally asymptotically stable equi-
librium at zero uniforly in x. Further, the trajectories of the
system

&= f(x) +g(x)(z,2) (©)

are bounded for all ¢ € [0.00) Then, x, is a globally
asymptotically stable equilibrium of the closed loop system
i = f(z) + g(@)i(x, ().

The result summarized above lends itself to the following
interpretation. Given the system 1 and the target dynamical
system 2 find, if possible, a manifold M, described implic-
itly by {x € R™ | ¢(x) = 0}, and in parameterized form by
{z € R" | x = 7(£),£ € RP}, which can be rendered in-
variant and asymptotically stable, and such that the (well de-
fined) restriction of the closed loop system to M is described
by £ = a(€). Notice, however, that we do not propose to ap-
ply the control u = ¢(€) that renders the manifold invariant,
instead we design a control law v = v (x, z) that drives to
zero the off-the-manifold coordinate z and keeps the system
trajectories bounded. (For the methodology proof, see [11]).

3.1 Application to an Aerial Manipulation system

Aerial vehicle’s internal autopilots shape the system’s re-
sponse at different levels depending on the available sensors.
Hence, if rotational states are measured, the internal autopilot
can shape the aerial vehicle’s response as a second-order sys-
tem. If, in addition, the translational states are measured, the
aerial vehicle can commanded to behave as a first-order sys-
tem. This is the case of the aerial vehicle used in this work.
Using the information from the Attitude Reference and Hedg-
ing System as well as optical flow and SLAM algorithms, the
internal controller shapes the aerial vehicle as a first-order dy-
namics expressed by

dzx

o =up+ s @)
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We can assume that our aerial manipulation system can
be represented by equation 7. The experimental validation
of this model is presented in the following section. d repre-
sents the disturbance of the robotic arm, the wall effect, the
interaction with a surface, or any other disturbance. Now, we
describe the steps to implement the I&I control strategy to
the proposed aerial manipulation system. We first defined the
estimation error as

6=06—p+p(x) (3

where 4 is the estimation error. The time derivative of the
estimation error gives

s dp 0B
E——E‘F%(UO‘F(S) ©)]

Replacing ¢ from

s dp 0B .
E——E+£(ue+5+p—ﬁ) (10)

Now, the dynamics of the estimator’ state is defined in terms
of known signals as follows
dp 0p
—_— = — — 11
il (uo +p—B) (11
Substituting (11) in (10) one gets
s 9B
— =0 12
dt Oz (12)
To ensure that the estimator error converges to zero, one
selects 3(x) = 'z, with I a positive constant, thus,
b .
— =-I 13
0 (13)
To compensate the disturbance, the following controller

is proposed
up = —ky(xqg — ) — p+ B(x) (14)

where T = = — x4 with x4 the desired constant reference, this
is,

ug = —kp(zg—2)—p—Tz (15)
moreover,
—p=-T r 16
i (p+Tx) (16)
The closed-loop dynamics reads as
dz S F
2 = —kyx+6
o P (17)

Hence, for any positive gains k,, I, the error signals & and
p converge to zero. Thanks to the quadrotor symmetry, the
controller for the y position is designed following exactly
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the same procedure. The control law expressed by equations
(14)-(16) are implemented in the aerial manipulator to control
the longitudinal and lateral motions of the system to regu-
late the position in an outdoor scenario and guarantee a stable
flight. In the next section, we describe the setup of the exper-
iments to investigate the effectiveness of the proposed control
strategy.

4 EXPERIMENTS AND RESULTS

4.1 System Behavior

To validate the assumption that the proposed aerial ma-
nipulator can be modeled as a first or second order system, a
set of tests were developed to investigate the response of the
system to an input signal. First, the bebop-2 was tested to
prove that the internal controller works efficiently. Then, we
repeated the experiment with the same signal but now with
the robotic arm attached to bebop-2 to compare the influence
of the robotic arm in the system. Figure 1 shows the sequence
of movements the system performs in each experiment when
the input signal is sent to the vehicle.

i e -

Figure 1: Sequence of movements. Response of the system
to input signal.

Several tests were carried out to obtain a mean result of
the behavior of the system in both experiments. Figure 2
shows the most representative results in the first experiment.

xis (m)

1 frame = 0.05 seconds

ignal Value

0 30
1 frame = 0.05 seconds

Figure 2: Behavior of bebop-2. Response to input signal.

The results of the second experiment are shown in Figure
3, as in the first experiment a set of tests were carried out.
The most representative results of the behavior of the aerial
manipulator to the test signal are presented in the graphic.
According to the results shown in the graphics, we proved the
system behaves as a firs order system even with the robotic
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arm attached to the structure. therefore, we can assume our
proposed aerial manipulator can be described by equation 7

1 frame = 0.05 seconds.

U signal Value

Figure 3: Behavior of the aerial manipulator. Response to
input signal.

4.2  Experimental Setup

The proposed control strategy was proved via experimen-
tal tests in an outdoor environment. To reduce the distur-
bances (mostly the disturbances due to the environment) an
1&I controller was implemented and added to the system. In
previous works, we used the VICON camera system to mea-
sure the position of the vehicle and feedback the information
to the controller [3, 18] but, in outdoor environments, the im-
plementation of VICON is laborious and limited. For that rea-
son, in most recent works we incorporated the Visual SLAM
technique to replace the VICON system in the control struc-
ture and to improve the capabilities of our proposed system
[19]. The pose estimation using visual SLAM was exploited
in [17, 20]. The method takes advantage of two characteris-
tics of the aerial vehicle; the on-board camera, and the altitude
measurement.

Arm system

UAV

Figure 4: Communication of the complete system.

Due to the features of the aerial platform, we can include
the Visual SLAM technique as a pose estimation method in
the complete system. Figure 4 shown the communication
scheme. The control algorithm runs in a ground station (com-
puter), and we take advantage of the wifi and Bluetooth con-
nection to communicate the computer with the robotic arm
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and the bebop-2. The coordinate frame of the aerial manipu-
lator is represented by Figure 5. The longitudinal and lateral
motions of the system are represented by the X and Z axis.
The 1&I controller was implemented for both axes, a stan-
dard PID controller was also incorporated to control # and Y’
axis and guarantee the correct orientation and distance to the
ground.

z

Figure 5: Aerial manipulator scheme.

The outdoor scenario can be shown in Figure 6. In this
research work, we decided to put the robotic arm on the top
of the vehicle, this allows the sensors below bebop-2 to op-
erate without any kind of obstruction and guarantee a good
measurement. This change in the position of the robotic arm
also reduces the load because the extension legs are not more
needed. The carpet below the aerial manipulator provides vi-
sual features which ensure a good performance of the pose
estimation method and reduce the pose estimation error.

ay
¥

~——

. . CARPET EOR VISUAEFEATURES

Figure 6: Outdoor scenario. A carpet is set in the ground to
provide more texture for the SLAM technique and improve
the pose estimation.

Figure 7 depicts the block diagram for this research. The
pose of the system when is in fly mode is provided for the
Visual SLAM technique. The movement of the robotic arm
to fold and unfold produces a set of different disturbances.
The objective of the attitude control is to reduce the displace-
ment produced by this disturbance and any other disturbance
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induced by the outside conditions to maintain the aerial vehi-
cle in the desired position. The proposed controller operates
as external control, calculating the control signal U for the
X and Z axis to displace the vehicle to the desired position,
then, the U signals are sent to the internal control of Bebop-
2. Finally, the pose estimation provides by the Visual SLAM
closes the external control loop.

Position of

Control
T thesystem

Desired algorithm

position

Figure 7: Block diagram of the proposed system.

4.3  Results

Through several experimental tests, we studied the be-
havior of the system and tuned the parameters k, and I' of
the control law expressed by equations (14)-(16) to improve
the performance of the complete system. In Figure 8 it can
be shown the response of the system in the first experiments
when the value of the parameters was chosen according to our
experience.

X (m)

0015

,,,,,

0015
0

300
1 sample = 0.1 seconds

Figure 8: Behavior of the aerial manipulator with the I&I
control strategy. First results.

Due to the facility provided by the I&I technique, after a
few experiments, we were able to tune the value of the pa-
rameters and ensure the system reaches the desired position,
and maintain the pose during the disturbances induced by the
environment and the robotic arm. Figure 9 shown the results
of the final experiments.

5 CONCLUSIONS AND FUTURE WORK

In this work, a control strategy based on immersion and
invariance technique has been designed and implemented in
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Figure 9: Behavior of the aerial manipulator with the I&I
control strategy. Final results.

order to control an aerial manipulator to tackle the issues re-
lated to the environment and the movement of the robotic
arm. The experimental results obtained for several tests are
quite promising. A merit of the proposed algorithm is shown
by the equations of the control law which reduced the number
of parameters of the controller, simplifying the experimental
phase and allowing to obtain an efficient performance of the
system. According to the results obtained in this work, we
consider that the control can be tested near to a vertical sur-
face and aiming to make contact with the end effector of the
arm, this could represent a novel approach for the aerial in-
teraction field.
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XINCA: Extended Incremental Non-linear Control
Allocation on a Quadplane
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Delft University of Technology, Micro Air Vehicle Lab, Kluyverweg 1, 2629HS Delft, the Netherlands

ABSTRACT

Controlling over-actuated Unmanned Aerial Ve-
hicle (UAV) is an important task to achieve re-
liable fail-safe autonomous flight. Incremental
Non-linear Control Allocation or INCA has been
proposed to solve the platform’s control alloca-
tion problem by minimizing a set of objective
functions with a method known as the Active
Set Method. This work proposes an extension
to INCA to control the outer loop of a quadplane
UAYV, an in-plane combination between a quadro-
tor and a conventional fixed-wing. The novel
controller is called Extended INCA or XINCA
and optimizes a mix of physical actuator com-
mands and angular control setpoints fed to the
vehicle’s inner loop. It does so while adapt-
ing to varying flight phases, conditions, and ve-
hicle states, and taking into account the aero-
dynamic properties of the main wing. XINCA
has low dependence on accurate vehicle models
and requires only several optimization parame-
ters. Flight simulations and experimental flights
are performed to prove the performance of both
controllers.

1 INTRODUCTION

Unmanned Arial Vehicle or Unmanned Aerial Vehicle
(UAV)s have gained a tremendous amount of popularity. Not
only have they proven to be valuable research platforms and
entertaining toys, they have also found many other applica-
tions in fields like defence [1], surveillance [2], medical assis-
tance [3], transportation of both goods and humans [4], agri-
culture [5], inspection [6], mapping [7], and many others.

Some challenges that are often faced in UAV design are
endurance, reliability, versatility, and affordability. Existing
solutions often perform well on some but not all of these as-
pects. Fixed-wing aircraft like the ones by [8, 9] and [10]
for instance master endurance as a result of the passive wing-
induced lift that keeps them airborne. Rotorcraft on the other
hand, like designs by [11, 12] and [13], are much more versa-
tile since they can hover, take off and land vertically. They are
also inexpensive to produce, mechanically simple and their
control has been well solved. Their powered generation of lift

*Email address(es): c.dewagter @tudelft.nl
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Figure 1: The TU Delft Quadplane in the Cyberzoo.

however severely limits their endurance, and designs like the
conventional quadcopter typically have multiple single points
of failure. It is therefore that many researchers have come up
with hybrid platforms, that aim to combine the best of differ-
ent worlds.

Some examples of hybrid platforms include tilt ro-
tor/wing UAVs, tail sitters, transformable UAVs, and quad-
planes. Tiltrotor/wing UAVs like designs by [14] and [15]
mechanically change the orientation of their propulsion units
to either generate lift during vertical take-off and landing or
horizontal thrust while flying horizontally with wing induced
lift. Similarly, tail sitters as discussed by [16] and [17] change
the orientation of the entire vehicle when transitioning from
vertical take-off and landing orientation to horizontal flight.
This reduces the mechanical complexity of the system, result-
ing in a more reliable, lighter, and cheaper platform, albeit at
the cost of sensitivity to wind gusts. A completely different
class of hybrid UAVs are the ones that are transformable like
the one designed by [18]. By changing the configuration of
the entire vehicle, they can transform between very different
types of UAVs, like for instance a monocopter and a fixed-
wing aircraft.

Lastly, a common class of hybrid UAVs is formed by
quadplanes, like the one used as an experimental platform
for this research (See Figure 1). Earlier designs include those
by [19, 20, 21, 22] and [23]. The quadplane has a static con-
figuration with both upward-facing rotors for vertical take-
off and landing and fixed wings with a horizontal propulsion
unit for horizontal flight. Despite the added weight of flight
phase-specific actuators, its mechanical simplicity makes this
versatile and enduring vehicle a promising research platform.
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Making such a Quadplane fly as efficiently and safely as
possible poses a number of challenges. These include dealing
with large flight envelopes, over-actuation, its non-linear na-
ture, and its sensitivity to wind gusts. The quadplane used for
this research and its control challenges are described in Sec-
tion 2. An existing control method called Incremental Non-
linear Control Allocation (INCA) is discussed in Section 3,
and its optimization methods in Section 4. A proposed ex-
tension of this control method, called Extended Incremental
Non-linear Control Allocation (XINCA), is presented in Sec-
tion 5. The implementation of the INCA and XINCA con-
trollers on the TU Delft Quadplane is shown in Section 6,
and Sections 7 and 8 respectively present results from sim-
ulations and test flights performed using this novel control
method. Lastly, Section 9 gives the conclusions.

2 THE TU DELFT QUADPLANE

Figure 2: Overview of the nine quadplane actuators
mm = quadcopter actuator set, mm = fixed wing actuator set

The quadplane is a hybrid of a fixed-wing aircraft and a
quadcopter. A conventional example of a quadplane is the one
used for this research, the TU Delft Quadplane. A schematic
representation of this platform is shown in Figure 2. It shows
the quadplane’s nine actuators: four upward-facing rotors that
could be considered as the quadcopter actuator set, and four
control surfaces, and a tail rotor that could be considered the
fixed-wing actuator set. Having actuator sets that can oper-
ate simultaneously, quadplanes are considered over-actuated.
Literature shows that this over-actuation is often dealt with
by using only one actuator set during specific flight phases,
and only briefly combining them during a transition phase
between vertical and horizontal flight [19, 20, 21, 22].

Ty _ Te 0, 0. 5
) Controller = Controller —| System
P 0 inner control loop

outer control loop

Figure 3: Simplified schematic UAV controller diagram
(z = position, § = attitude, § = system input)

UAV controllers often use cascaded outer and inner loops
shown in Figure 3. The outer loop, also called the position or
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guidance loop, controls the position error and outputs a refer-
ence attitude. The inner loop or attitude loop controls actual
attitude and uses that to allocate control to suitable actuators.
This allocation is quite straightforward when the vehicle is
not over-actuated or when only a single actuator set is used.

Quadplanes could however fly more efficiently when con-
tinuously assessing each actuator’s suitability to satisfy a cer-
tain control demand. This assessment should take into ac-
count each actuator’s effectiveness based on the system’s
states, but could also penalize large deviations from preferred
actuator positions. Such an optimization problem is known
as a control allocation problem. The advantages are that first,
it can minimize the control effort of a UAV, potentially re-
sulting in more efficient flight and enhanced flight endurance.
The other advantage is that when certain actuators are satu-
rating, it can allocate control to other actuators to still satisfy
a given control demand, resulting in safer and more reliable
flight. The control allocation method used in this research is
called Incremental Non-linear Control Allocation or INCA,
which solves the inner loop’s control allocation optimization
problem and is presented in Section 3.

Another challenge in controlling quadplanes is caused by
the fundamentally different outer loop dynamics of the quad-
plane during different flight phases. When flying as a quad-
copter, for instance, a change in pitch angle causes the quad-
plane to accelerate in a longitudinal direction. When flying
as a fixed-wing aircraft, however, a change in pitch will cause
the quadplane to either climb or descent. Furthermore, the
quadplane is over-actuated in its outer loop as well as its inner
loop, since it can control a positive forward acceleration dur-
ing hovering with both its pitch angle and pusher rotor. The
latter is often preferable since negative pitching maneuvers
might introduce an undesirable negative wing-induced lift.
A positive backward acceleration however is only achievable
by pitching the quadplane backward. To address the chal-
lenges named above, an extension of the INCA controller is
presented in Section 5, which performs an outer loop opti-
mization similar to the INCA inner loop optimization. This
method is called Extended Incremental Non-linear Control
Allocation, or XINCA.

3 INCA

Incremental Non-linear Control Allocation or INCA, is
a very promising control allocation algorithm. It has al-
ready theoretically been demonstrated on over-actuated ve-
hicles like the Lockheed Martin Innovative Control Effector
aircraft by [24]. [25] have proven the control method to be
effective in actual flight on non-over-actuated quadcopters.
The architecture of INCA augments a method called Non-
linear Dynamic Inversion, or Non-linear Dynamic Inversion
(NDI). NDI measures a vehicle’s states and uses an accurate
model to predict angular and linear accelerations as a result of
these states. Their difference with the vehicle’s desired accel-
erations is then used to calculate appropriate control inputs
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Figure 4: A schematic representation of an INCA controller (x = state vector, v = virtual input, 6 = control input vector)

using reliable actuator models. A successful example of an
implementation of NDI is the work by [26].

However effective, NDI highly relies on detailed and ac-
curate models of the vehicle it controls. A variation on this
approach provides a solution to this problem and is called
Incremental Non-linear Dynamic Inversion, or Incremental
Non-linear Dynamic Inversion (INDI) [25]. While it still re-
lies on an actuator model, instead of using a vehicle model
to predict its angular and linear accelerations as a result of
its states, it uses inertial measurement data to observe these
accelerations. And the control effectiveness model does not
need to be as accurate, since the controller will compensate
for any unexpected effects of the actuators by incrementing.

An example where INDI has been proven successfully in
quadcopter flight is presented by [27].

Both NDI and INDI invert actuator effectiveness models
in order to calculate appropriate actuator commands. When
dealing with over-actuated UAVs however, it is mathemat-
ically challenging to derive appropriate actuator commands
by simply inverting these actuator effectiveness models, since
any calculated actuator command solution is no longer sin-
gular, and there exist infinite solutions. INCA deals with
this by expressing this control allocation problem as an op-
timization problem, that needs to be solved by minimizing a
certain cost function. A schematic representation of INCA
is shown in Figure 4. Like an INDI controller, INCA uses
the difference between desired accelerations and inertial mea-
surements to determine an incremental control demand, also
known as the virtual input to the INCA optimization. The
optimization scheme then calculates an optimal actuator in-
crement to satisfy the control demand. Note that while the
rotor effectiveness is relatively constant, the effectiveness of
the aerodynamic surfaces is proportional to the square of the
true airspeed. The optimization method is presented in Sec-
tion 4.

4 INCA OPTIMIZATION

Let H be a matrix containing the linearized effectiveness
of all actuators, and 7. the control demand that will be used
as virtual input to the INCA optimization. An unconstrained
control command increment Ad should then always satisfy
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the following equation:

HAG = 7. ey

When this increment is constrained by actuator limits, an
error between the control demand and the achieved control
might occur, but should still be minimized. Also minimizing
control effort, i.e., the difference between actual actuator in-
crements Ad and preferred actuator increments Ad,,, yields:

T&ién YW (HAS — 1)z + [|[Ws(Ad, — Ad)|l2  (2a)
subject to Adpin < A < Abdmax and § < 8,0 (2b)

where W, and W are weighing matrices to prioritize
selected control demands and actuators over others, and 7y is
a constant that prioritizes one sub-objective over the other.
This type of objective function is called a Quadratic Pro-
gram and can include as many separate sub-objectives as
needed. Quadratic Programming is often used for Control
Allocation problems. [28] presents proof that it can provide
automatic redistribution of control in case of actuator satura-
tion. [24] and [27] both apply it, on a modern fighter jet and
a quadcopter UAV respectively. The objective function is of-
ten rewritten to a standardized quadratic form, which many
solvers can easily work with:

%n ASTQAS + ¢TAS (3a)

subject to AAJ < b (3b)
where Q = FTF, ¢ = 2FT g,
F— YW H _ (YWt
“\wy )97 \(wias, )

I
A= (—I) and

h— min(émaw - 607 6mawAt)
o fmax((smm - 50, 767}7(1’1'At)
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Figure 5: The Active Set Method performed on a hypothetical cost function J with a two-dimensional input space
(Constraints: 0 < §; < 1and 0 < §5 < 1, starting point: (41, d2) = (0.8,0.2)

When the inequality constraints are treated as equality Step 1:
constraints (A = b instead of A < b), the solution to the
optimization problem is given by the following linear system,
as long as Q is a positive definite matrix [29] and A has full

Choose a feasible starting point

row rank [30]: Step 2:
Q AT TAS e Determine the active set of constraints, i.e. all con-
[ A 0 } [ \ ] = [ b } 4) straints at which a control command saturates. Rede-

fine the optimization problem using only the active

where ) is known as the vector containing the Lagrange constraints as equality constraints.

multipliers. Explicit solutions for both the optimal input in- Step 3:
crement Ad and Lagrange multipliers A can be derived alge- ’_) ep >

braically as: > Calculate the Lagrange multipliers and solution to

1/ s T T the redefined problem using Equations 5a and 5b.
Ad=-Q " (A' X +¢) (5a) :
where A = —(AQ'AT)"1(AQ'c+b)  (Sb) T Step4:

I

- If the solution is infeasible:

The values of the Lagrange multipliers are used to deter- Correct the solution by taking the maximum relative
mine what constraints to release during the optimization pro- step to the new solution without losing feasibility and
cess, and whether or not the solution has already reached its determine the new active set of constraints.
optimum.

Since the calculation of UAV control demands typically Else if not all \ > 0:
needs to be performed several hundred times per second, the Release the cons_traint corresponding to the most
optimization used in an INCA controller needs to be as effi- negative value in \ from the active set of constraints.
cient as possible. Based on control allocation research per-
formgd by [24] a.nd [27], the optimization mthod selected Else: The optimal solution has been found.
for this research is the Active Set Method. This method re-
quires similar amounts of computing power as e.g. the Re- Step 5:
distributed Pseudo-Inverse method and the Fixed-Point algo-
rithm, yet yields more accurate solutions. It also scales effi- Repeat from Step 3 with the new active set of con-
ciently with larger amounts of actuators, which is validated in straints while the optimal solution has not been
Section 8. found.

A detailed description of the Active Set Method [31] is

summarized below and illustrated in Figure 5 for a hypotheti-

cal optimization problem with a constrained two-dimensional
input space: Choosing a suitable starting point for the Active Set
Method has a significant effect on the solver’s efficiency. In
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Figure 6: A schematic representation of a XINCA controller (x = state vector, v = virtual input, § = control input vector)

control allocation, each solution is likely to be in the neigh-
borhood of the solution of the previous time step. The Active
Set Method has a relatively low computational cost [31], and
since the solution progresses towards the final solution each
time step, even when cut off before reaching the optimum to
save computational time, the solution will be close to optimal.

5 XINCA

To simplify the outer loop control, hybrid UAVs like
quadplanes are often controlled in either a vertical, horizon-
tal or short transitional flight mode. Separating these flight
modes however often results in sub-optimal flight control, not
always using the most effective or efficient actuators nor mak-
ing use of redundant actuators in case of actuator saturation.
Worse even, actuator sets can even counteract each other. In
hover, for instance, a downward pitch to move forward with a
non-zero wind will cause a negative lift of the wing counter-
acting and possibly saturating the hover motors.

To solve this, a new control scheme is proposed,
called Extended Incremental Non-linear Control Allocation
(XINCA). It is an extension of INCA which takes the spe-
cific quadplane outer-loop dynamics into account as addi-
tional constraints. As shown in Figure 6, a linear controller
on the position errors selects the desired linear reference ac-
celerations. The error between these reference accelerations
and measured accelerations then enters the XINCA optimiza-
tion block. Like the INCA optimization, the XINCA opti-
mization possesses several constrained actuators to achieve
this control demand with, albeit these XINCA actuators do
not only include physical actuators of the platform, but also
some of its attitude angles and its vertical thrust command. In
the case of this research, the XINCA output includes the tail
pusher rotor command, the vertical thrust command, and the
vehicle’s pitch and roll commands. The tail rotor command
is directly fed to the tail rotor itself. The thrust command
and two attitude angle commands serve as input for the inner
loop’s INCA optimization. The XINCA optimization is also
performed with the Active Set Method. Since the effective-
ness of the XINCA actuators is also highly dependent on the
aircraft’s states, it needs to be re-assessed at every iteration.
But the resulting controller does not need to differ anymore
for any of the flight regimes or flight modes.
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6 IMPLEMENTATION

XINCA is implemented in the open-source drone hard-
ware and software platform Paparazzi UAV [32]. The quad-
plane itself makes use of a Lisa/MX autopilot board. Since
this board can control a maximum of eight actuators, the two
ailerons share one control command, making them respond
symmetrically yet in the opposite direction while reducing
the computational cost of the INCA optimization.

The INCA module in Paparazzi UAV is based on an INDI
module from [25], and used by [13]. It is extended to include
seven of the quadplane’s eight actuators, and scale the effec-
tiveness of the three actuators that are aerodynamic surfaces,
i.e. two separate ruddervators and the combined ailerons. The
achieved control is calculated as follows:

[Ap A¢ Ar AZ]T =HAS 6)

Ory, Oa Op,  Op,

Trr

T
where § = [6,,, 6., & ]

The control effectiveness matrix H is separated into two
parts. H;y accounts for increments in actuator inputs, and Hy
accounts for counter-torque effects during the spin-up of the
upwards facing rotors, such that:

H=H,; + AtH, (N

The actuator effectiveness matrix units are either rads 2

PPRZ~! or ms =2 PPRZ ™!, where PPRZ stands for Paparazzi
actuator units ranging from -9600 for bi-directional or O for
mono-directional actuators to 9600. To illustrate INCA’s
ability to handle inaccurate actuator models because of its in-
cremental nature, only a simple approximation of the actuator
effectiveness is used to control the quadplane. This approxi-
mation is based on theoretical calculations using estimations
of the inertial properties and their actuator positions. The re-
sulting actuator effectiveness matrices are:

57” 6’7'”- 5r,.,, 57'” 5(1 67'1 67',

11 —11 =11 11 0.15z> 0 0 Ap
9 9 -9 -9 0 0.1lu® —0.11u?| Ag
—0.6 0.6 —0.6 06 0 —0.03u?> —0.03u?| Ar
-0.8 0.8 —0.8 —0.8 0 0 0 Az

H; =103

(8a)
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51‘“& 5r,.f 61",.,, 67“1,. 6(1 61“[ 67‘,.
O 0 0 0 0 0 07 Ap

2 55 55 55 55 0 0 0| A (8b)
O 0 0 0 0 0 0] Az

where u represents the true airspeed over the aerody-
namic control surfaces, which in this work is simplified by
the substitution of the forward body velocity since tests are
performed in an indoor environment without wind. Negative
values are replaced by zero.

Since the actuators do not provide any form of feedback,
an estimation of the current actuator deflection is performed
each time step. This is done by a first-order approximation
with a time constant 7:

K ©
act — TS + 1 )

Each actuator position is estimated as:
5€St = 5prev + 04(5 - 6prev) (10)

where a = 1 — ¢ 74

The used time constant used for the four upwards facing
rotors is 29 s~!. For the control surfaces, an estimation of
100 s~! is used. The optimization parameters in Equations
2a and 2b are chosen as:

W = diag [100 100 1 1000]
W; = diag [10 10 10 10 1 1 1]
~ = 10000

5,=[0 0000 0 0

These values are selected to prioritize pitch and roll and
especially thrust over yaw commands while W 5 penalizes the
use of rotors over aerodynamic surfaces as the latter use less
energy. Finally, ~y prioritizes achieving the control demand
over minimizing control effort. The actuator limits are set to
either 0 and 9600 for rotors or -9600 and 9600 for control
surfaces, again expressed in PPRZ units.

The XINCA controller works in a similar manner as the
INCA controller and is based on an existing outer loop INDI
module by [33, 34]. This existing module uses the vertical
thrust vector to control the position, by either changing this
thrust itself or changing its orientation by pitch or roll incre-
ments. It is augmented by including a tail rotor command as
its fourth actuator. The control is then calculated as follows:

Az Aj AT =H[v, 5,]" (12)

where v, = [AG A AT]T

The actuator effectiveness highly depends on the current
state. At low speeds aerodynamics do not play a great role
yet, so it could be calculated as follows:
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A6 A¢ AT oy,
—clcdpT  —sOs¢T  sbcp b 7 AZ
H= 0 —copT —s5¢ 0 Aj o (13)
sOcpT  —cls¢pT clcp —sbO] AZ

where s and c represent the sine and cosine functions re-
spectively, and T represents the vertical specific-force vector,
which is estimated by taking the vertical body acceleration
and subtracting the gravitational acceleration:

T=%-g (14)

When flying at higher velocities, however, the quadplane
will start to behave more like a fixed-wing aircraft. The con-
troller should start using the wings to generate lift instead of
the hover motors, and as a positive angle of pitch leads to a
positive angle of attack on the main wing, one term is added
to the actuator effectiveness matrix as follows:

Al A¢ AT 6,
—clcopT —s0s¢T sbcep ch 1 AZ
0 —c¢pT —s¢ 0 Aj

H—
C 28
ch <30T L;pu> —chsdpT clch —s0| AZ
m

(15)

where Cp, is the change in lift per change in angle of

attack, p is the air density, u is the true airspeed, S is the wing

surface area, and m is the platform’s mass. In Equations 2a
and 2b the XINCA optimization parameters are chosen as:

W, = diag [10 10 1]
W; = diag [10 10 100 1]
~ = 10000
5,=[0 0 0 o]

W .. prioritizes pitch and roll over thrust demands since
an unstable attitude can be more dangerous than a controlled
descent. Moreover, the pitch is used in lift generation. Wy
penalizes the use of pitch and roll and especially thrust com-
mands compared to using the tail rotor, and  prioritizes
achieving the control demand over minimizing the control ef-
fort. The maximum pitch and roll angles are set to 10°, the
vertical thrust limits to -9.0 and 9.0 ms~2, and the tail rotor’s
limits to 0 and 9600 PPRZ units. To prevent the tail rotor
from hitting the ground, it is completely shut off for altitudes
below 0.5 m by setting its effectiveness to zero.
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Figure 7: Simulation of vertical quadplane takeoff and land-
ing using XINCA and INCA with five actuators
m = takeoff, mm=landing
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Figure 8: Simulation of a vertical quadplane takeoff and land-
ing with actuator saturation occurring at an actuator PWM
pulse length of 1310 ms using XINCA and INCA with five
actuators
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7 FLIGHT SIMULATIONS

To prove XINCA'’s performance, several simulations are
performed. These are executed within the Paparazzi UAV
software to fully assess the performance of the actual code
that will also fly onboard the quadplane.

Figure 7 shows a simple simulation of a quadplane taking
off (green) and landing (red). The top plot shows the control
demand the INCA controller aims to achieve. The middle plot
shows the resulting actuator commands expressed in PWM
pulse length. The bottom plot shows the height profile of the
flight.

To assess how well the INCA controller handles actuator
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Figure 9: Simulation of forwards and backward flight using
XINCA with both pitch increments and tail rotor inputs and
INCA with five actuators

= = forward acceleration by tail rotor, == = tail rotor brak-
ing

saturation, a second simulation is performed with an artificial
upper actuator limit slightly higher than the nominal throt-
tle level needed for hovering. The result can be seen in Fig-
ure 8, which shows that saturation occurs during takeoff. The
INCA controller achieves stable flight since its pitch and roll
commands are prioritized above its thrust and especially yaw
commands.

In the third simulation, the UAV moves forward and back-
ward. Figure 9 shows the control demand and position in
the x-direction. The green and red areas show where the tail
rotor is being activated by the XINCA controller for accel-
eration and reducing backward speed respectively. The tail
rotor is first activated to accelerate forward. The UAV then
uses pitch increments to brake and accelerate backward, after
which it activates the tail rotor again twice to brake and move
forward again. Finally, it slows down using pitch increments
and lands.

Two last simulations are performed to illustrate the ben-
efits of using XINCA over conventional outer loop control
methods. Both simulate forward flight of the quadplane and
compare a traditional INDI outer-loop controller [33, 34]
with the novel XINCA controller. Using the main wing’s
aerodynamic properties in combination with the quadplane’s
pitch angle and forward velocity, an estimation is made of
the wing-induced lift force. Figure 10 shows the actuator
commands, pitch angle, and lift force for both simulations.
The most evident difference can be seen in the pitch angles.
Where the INDI controller aggressively pitches forward to
achieve forward acceleration, the XINCA controller proves
to be able to minimize this negative pitch by using its tail ro-
tor. This difference is reflected in the lift force estimations
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Figure 10: Flight data comparison of forward flight simulation with INDI and XINCA
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Figure 11: Flight profile comparison of forward flight simulation with INDI and XINCA showing wing-induced lift estimations.
Note that illustrated angles of attack are magnified and force vectors are scaled for readability

shown in Figure 11, where the XINCA controller manages to
completely avoid the negative lift caused by pitching forward.
The INDI controller does inflict some negative lift. At higher
wind speeds this negative lift can become very significant and
result in an important loss of altitude.

8 FLIGHT EXPERIMENTS

The XINCA controller was tested in real flight tests of
the TU Delft quadplane shown in Figure 1. The flight tests are
performed in the Cyberzoo, which is equipped with an optical
position tracking system for precise vehicle positioning.

During initial attempts to fly the Quadplane with both the
INCA and XINCA optimizations, the 32-bit STM32-F4 Cen-
tral Processing Unit (CPU) processor running at 266 MHz
could get overloaded. The first measure to reduce the com-
putational cost of the controllers is to run the optimizations
of both the inner and outer loops only once every second it-
eration of the autopilot, which runs at a cycle frequency of
512 Hz. A system monitoring module in Paparazzi has been
used to estimate the autopilot’s CPU loads with different con-
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figurations using this reduced optimization frequency. These
configurations include a combination of the INCA controller
with a lower cost outer loop controller, a combination of a
lower cost inner loop quadcopter controller with the XINCA
controller, and a combination of both the INCA and XINCA
controllers. For configurations using the INCA controller, the
amount of INCA actuators is varied to determine its effect on
computational cost. The results of these measurements can
be seen in Table 1. These measurements are obtained on the
quadplane itself, yet without flying.

Because of the Active Set Method, the numbers clearly
show a quasi-linear correlation between the number of actu-
ators and the CPU load, and that the configuration with both
INCA and XINCA does indeed demand a lot of the autopi-
lot’s computing power. The fact that the maximum recorded
CPU load is still well below 100% can be explained by the
fact that the optimization schemes only run once every two
cycles, resulting in an average load under 100%. The ac-
tual load during one optimization cycle might however re-
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INCA  Other INCA
Outer loop: Other XINCA XINCA
4 38% 32% 48%

Inner loop:

< g 5 46% 54%
JE 6 54% 62%
=3 7 6% 71%

8  74% 83%

Table 1: CPU load estimations for different inner and outer
loop controllers with different numbers of INCA actuators
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Figure 12: Stable quadplane takeoff and landing
using INCA with seven actuators
= = takeoff, mm=landing

quire significantly more computing power, resulting in un-
predictable behavior of the quadplane. Especially some time-
critical processes need to be re-evaluated to perform well un-
der high CPU load. Ideally, the quadplane’s autopilot board
is to be replaced by one with sufficient computing power. For
this research, however, flight tests will be performed with ei-
ther both INCA and XINCA without any control surfaces, or
INCA with all inner loop actuators and a low-cost outer loop
controller.

The first test flight aims to confirm that the INCA con-
troller chooses suitable actuators during flight. All inner loop
actuators are included in the optimization, so a low-cost outer
loop controller is used for this test. Since the Cyberzoo’s con-
fined space only allows for low-velocity testing, the controller
is not expected to allocate a significant amount of control to
the control surfaces. The results in Figure 12 confirm this.
They show varying inputs for the quadplane’s upwards fac-
ing rotors, due to a slight asymmetrical configuration, but
successfully ensure a stable takeoff and landing. As soon as
the Quadplane touches down, the ground forces result in un-
reachable control demands. This causes the rotors to saturate
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at their minimum values, after which the control surfaces are
saturated as well in a maximum effort to reach the setpoint.
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Figure 13: Stable quadplane takeoff and landing with actuator
saturation occurring at an actuator PWM pulse length of 1460
ms using INCA with five actuators
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Figure 14: Forwards and backwards quadplane flight

using XINCA with both pitch increments and tail rotor inputs
and INCA with five actuators

m = forward acceleration by tail rotor, == = tail rotor brak-
ing

The difference in actuator inputs between different rotors
seen in the first flight can be exploited in the second, where
INCA’s resilience against actuator saturation is being put to
the test. The saturation level is chosen in such a way that
one actuator especially saturates, in this case, J,,,.. Like with
its corresponding simulation, Figure 13 shows that INCA pri-
oritizes its pitch and roll commands above its thrust and es-
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pecially yaw commands, resulting in slower but stable take-
off. Saturating actuators does result in the INCA optimization
having to perform more iterations before it reaches its opti-
mum since the Active Set Method has to explore the edges
of the actuator input space in multiple steps. This eventually
results in a higher computational load. This test is therefore
performed with the INCA controller using only four actuators
and a low-cost outer loop controller.

The final flight is the one where the novel XINCA module
is being tested. For this flight, the quadplane is controlled by
both the INCA and XINCA controllers that together allocate
control to a total of five rotors. The flight consists of a takeoff,
forward flight, backward flight, and landing. Figure 14 shows
that the quadplane effortlessly manages to perform this longi-
tudinal maneuver. Peaks in the tail rotor command show that
this actuator is indeed used for both forward acceleration and
backward braking as expected.

9 CONCLUSIONS AND RECOMMENDATIONS

During both the simulations and the actual test flights,
it was confirmed that the INCA controller chooses suitable
actuators and achieves stable flight even in the case of ac-
tuator saturation. Prioritizing certain control demands over
others successfully ensures stable flight when saturation oc-
curs. Furthermore, the XINCA controller seamlessly takes
the fixed-wing constraints into account in all flight phases
without needing to switch modes. Furthermore, it proves
to not require very detailed models of its controlled vehicle,
and the Active Set Method makes it suitable for real-time op-
timization at high frequencies. Recalculation of the actua-
tor’s effectiveness at every time step results in high automated
adaptability to changing states and conditions to ensure effi-
cient flight control, using the most suitable and efficient actu-
ators available. When optimizing commands for too many ac-
tuators, however, this INCA controller is not efficient enough
to be used on the TU Delft Quadplane in its current hardware
configuration. Allocating control to seven actuators while us-
ing a low-cost outer loop controller is at the edge of its com-
putational capacity. Future research on this specific platform,
therefore, requires hardware upgrades to achieve more com-
puting power.

Finally, the novel XINCA controller is capable to perform
an optimization in the outer control loop by combining atti-
tude angle commands as well as direct actuator commands.
This method eliminates the inefficient use of separated flight
modes while avoiding pitfalls like negative main wing lift in
hover. This can contribute to a safer, more efficient, and there-
fore greener future of human aerial transportation.

Future research on the application of INCA on hybrid ve-
hicles like the quadplane and the application of XINCA in
general should focus on their performance during level flight,
as this has not been sufficiently addressed during this work.
Outdoor flights should serve two main research objectives.
One objective would be to assess how the quadplane allocates
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more control to its aerodynamic control surfaces as soon as it
has an amount of forward airspeed making them more effec-
tive. The other objective focuses on XINCA, assessing its
capabilities to adapt to the different dynamics of a hovering
quadplane and one in forward flight.
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Position controller for a flapping-wing drone using UWB

Guillermo Gonzélez; Guido C.H.E de Croon, Diana Olejnik and Mat¢j Kardsek
Delft University of Technology, Mekelweg 5, Delft

ABSTRACT

This paper proposes an integral approach for
accurate ultra wide band indoor position control
of flapping wing micro air vehicles. Three
aspects are considered to reach a reliable and
accurate position controller. The first aspect
is a velocity/attitude flapping-wing model for
drag compensation. The model is compared
with real flight data and shown to be applicable
for more than one type of flapping wing drone.
The second improvement regards a battery-level
dependent thrust control. Lastly a characteri-
sation of ground effects in flapping-wing flight
is obtained from hovering experiments. The
proposed controller improves position control
by a factor ~ 1.5, reaching a mean absolute
error of 10cm for position in x and y, and 4.9cm
for position in z.

1 INTRODUCTION

The fact that drones are becoming increasingly popular
is intimately related with the development of more sophis-
ticated automation resources. In the case of drones, weight,
processing speed, and energy consumption are critical aspects
to accomplish fully autonomous flights. Therefore, elements
such as motors, micro-processors, memory units and batteries
need to be continuously improved to meet these requirements.
These conditions have fostered the development of flapping
wing micro-air vehicles (FWMAV). This type of UAV is in-
spired on the flight of birds and insects, and has become at-
tractive in the field of small-scale micro-air vehicles, since it
provides both the ability of hovering and flying into any di-
rection. After the foundational work from Ellington [1] and
Dickinson [2], many experiments have been carried out in or-
der to get an optimal physical design of FWMAVS, as well as
velocity and position controllers to keep a stable flight.

Regarding position feedback, the most common option is
an indoor positioning system (IPS). Some of the technolo-
gies used for for IPS are Wi-fi, Radio Frequency Identifica-
tion (RFID), and infrared (IR) motion tracking systems. Wi-fi
and RFID can be found for tracking mobile devices, but not
specifically for drones [3]. IR is used for indoor tracking of

*Email address(es): g.gonzalezarchundia@student.tudelft.nl,
g.c.h.e.decroon@tudelft.nl,
d.a.olejnik @tudelft.nl,
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drones (e.g. VICON/OptiTrack), but it is an expensive option
and its accuracy can be affected by lighting conditions [4].

Another option for IPS is ultra wide band (UWB) which
was already defined in 2006, but just recently started to gain
popularity. UWB is able to transmit in nano-second scale
periods. Thus it allows excellent timing for signal arriving,
which translates to centimeter level accuracy. Its low spec-
tral density reduces the interference with other RF devices.
However, it also has some drawbacks like high computational
and memory capacity of the controller and its vulnerability
to multi-path effect when signals bounce with the physical
boundaries of the environment [5].

Inertial navigation systems (INS) are usually added in in-
door environments to complement IPS. Usually INS systems
employ micro-electro mechanical systems (MEMS) or iner-
tial measurement units (IMU). Furthermore, data fusion is
also applied for better accuracy, by means of a Kalman fil-
ter. Hence many combinations of integrated systems have
been proposed. For example a GPS/UWB/MEMS navigation
system with Kalman filter [6] and INS/UWB system based
on a fuzzy adaptive Kalman filter [7]. Although most of
these implementations provide a basis for designing an au-
tonomous position controller, it is important to keep in mind
they are specifically designed either for fixed-wing or quadro-
tor UAVs. In the case of flapping wing drones some extra
constraints shall be considered like the physical limitations in
terms of payload and energy consumption, or the noise influ-
ence in IMU measurements due to high frequency mechanical
vibration [8]. To overcome these circumstances, the existing
solutions must be adapted, leaving a potential research devel-
opment for position controllers of FWMAVs.

One of the challenges of working with FWMAVs comes
from the aerodynamics of the system. A reliable model of
the dynamics can significantly increase the performance and
accuracy. Nevertheless, most aerodynamic models for flap-
ping wings require extensive system identification techniques
for numerous parameters, whose values only remain valid
for a specific drone. A widespread alternative is the use of
quasi-steady models where force coefficients are obtained ei-
ther from experimental data or from theoretical principles [9].
The control strategy proposed in this paper follows a sim-
pler solution where the model is obtained by directly aver-
aging aerodynamic parameters as functions in terms of the
body velocities. Albeit the method may be considered just
a rough approximation compared to quasi-steady models, it
tends to be more practical since just a reduced amount of pa-
rameters is required. When validating averaging parameters
with real flight data, several authors address the issues of un-
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steady flight due to mechanical vibrations [10, 11]. However
just some models follow an approach based on drag compen-
sation. Within the few cases where drag compensation mod-
els are implemented, most of them are linear models, which
are only valid for a limited range of velocities [8, 12].

Similar to most MAVs, FWMAVs are also prone to short
flights due to the limited size of the batteries they are able
to carry. Thus it is common that voltage will significantly
change during flight, affecting as well the required throttle
level for hovering [13]. This condition poses a challenge in
height control, for both reaching and keeping a specific posi-
tion along the z axis.

Another issue affecting height control is the ground effect.
This phenomenon particularly occurs when the drone is flying
close to the ground [14]. An extra thrust is generated because
the wind currents underneath the drone bounce against the
ground, causing the drone to behave like sitting on a cushion
of air [15]. Thus, an extra lift is generated, causing the output
thrust to be higher than the input thrust.

This paper addresses the three aforementioned challenges
of FWMAVs. Sections 2, 3 and 4 provide the background
for the implementation. Section 5 describes how averaging
parameters are applied for drag compensation. Section 6
discusses the issues of changing voltage and ground effects.
Lastly, Section 7 shows the results on how the transient re-
sponse is improved in any of the three axes: forward (x-axis),
sideways (y-axis) and vertical (z-axis).

2 EXPERIMENTAL SETUP

Since the work on this project relies mainly on feed-
back through UWB, the experimental setting should be a grid
where UWB receivers are strategically located in the vertices
and the transceiver is mounted on the FWMAV. This way, the
drone flies inside the volume of a cube bounded by the posi-
tion of the anchors. A similar set-up is used in [16], where the
eight anchors on the corners optimise the possibility for the
drone to have line-of-sight at least with one anchor. Such a
grid was set-up at the Cyberzoo (shown in Figure 1), the flight
arena of the TU Delft Faculty of Aerospace, which is known
as the main facility of the university for performing tests on
drones, and has a size of 10m x 10m x 7m. A reliable choice
for UWB sensor is the Decawave DWM 1000, as it has proven
to give successful results for UAV tracking [17]. The UWB
sensors are used as the anchors of the IPS and are set to work
using a time difference of arrival (TDOA) algorithm.

In order to have a reference for the UWB measurements, a
motion tracking system is used for measurements of position
and rotations. It consists of 12 OptiTrack Prime 17W mo-
tion tracking cameras (set to resolution 1664 px x 1088 px,
50 fps) and has proven to deliver accurate results for MAV
test flights [18]. When working with the motion tracking sys-
tem, the drone was equipped with four retro-reflective mark-
ers placed on the landing gear of the drone, and the UWB
sensor was placed at the top to optimise direct line of sight
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Figure 1: Cyberzoo structure where the UWB anchors are
placed (left) and detail of UWB anchor mounted on the struc-
ture (right)

(Figure 2).

About the flapping-wing drone, referred in this paper as
Flapper, is a design from the company Flapper-drones [19]. It
is a 102g tailless FWMAYV with a wingspan of 49cm, able to
keep flapping frequencies up to 12 Hz when hovering. The
on-board processing hardware consists of a Crazyflie Bolt
autopilot board, including an IMU with 3-axis accelerom-
eter/gyroscope (BMIO88). The data link between the au-
topilot and the ground station is done with a Crazyradio PA
(also from Bitcraze), which is a USB radio dongle based on
nRF24LU1+ from Nordic Semiconductor. The system can be
powered with a 300-mAh two-cell 7.4V LiPo battery, reach-
ing a flight time between 4-6 minutes, depending on the in-
ternal resistance of the battery.

Figure 2: Flapper drone equipped with IR markers and UWB
sensor

3 CONTROL LOOP

For autonomous flight, the flapping-wing drone uses a
cascaded PID-controller, based on the structure presented by
[20]. The controller consists of three loops. The output pro-
vides the control signals for the motors involved in the flight
dynamics of the drone: two brush-less motors in charge of
the flapping frequency for thrust and roll, one servo-motor
that modifies the angle of the dihedral for pitch, and another
servo-motor that changes the deflection of the wings for yaw.

Regarding the structure of the cascaded loops, the inner-
most loop is in charge of attitude rate and runs at 500Hz. The
intermediate loop also runs at S00Hz and is in charge of atti-
tude control. The outer loop is the position/velocity control,
which runs at 100Hz and can take either position or velocity
commands.

Another remark is the trimming values for servos in
charge of pitch, roll and yaw. This procedure must be done
in order to get the proper behaviour from the controller. For
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trimming, one should fly the drone manually until it hovers at
a steady position. The trim values are the pitch, roll and yaw
commands given to keep the drone hovering. The values are
specific for each flapping-wing drone, as they change depend-
ing on manufacturing factors. Thus it is important to properly
set the appropriate trimming values before going further with
any flight test.

4 STATE ESTIMATION

The state estimation is done by means of an Extended
Kalman Filter (EKF) which fuses the measurements of the
IMU and the UWB positioning system. The model of the
EKF is the same as the one proposed by [21], which consid-
ers a nine-dimensional state vector defined as:

ey

Where z  is the position vector in global frame, v is the ve-
locity vector in body frame and d is an attitude error vector,
where the error is defined as the difference between the last
measured attitude and the current attitude. The purpose for
using attitude errors instead of the conventional Euler angles
is to simplify the state prediction equations because it only
considers the increments in roll, pitch and yaw. A more de-
tailed explanation on the implementation of the filter is given
in [21].

The main advantage of fusing UWB with IMU through
the Kalman filter is the attitude correction to account for the
drift in pitch and roll caused by sensor noise and bias. For in-
stance, when the Flapper is left standing up, the Kalman filter
resets correctly the roll and pitch to zero when UWB mea-
surement are coming in. On the other side, a complementary
filter, which relies only on IMU data, will converge to a cer-
tain drift and thus propagates it through time.

One last adjustment done to the EKF aims to diminish the
detrimental effects on position estimation caused by multi-
path UWB signals. Specially when going close to the ground,
the position estimates tend to drift for more than 20 cm.
A way to account for the wrong measurements when flying
close to the ground is to use a variable sensor noise value
R wp for measurements from UWB, rather than a constant
value. Consequently, the sensor noise is defined as:

Rywy = /\(?:’)O'wa @

Where \(Z) is a factor dependent on the estimated height 2,
in meters. For the implementation, A = 0.5, for z > 1;
A=15—-2for0.5 < 2 < 1;and A\ = 1, for 2 < 0.5.
The effect of variable sensor noise in position estimation was
tested by placing the drone static on the ground, at the origin
(0,0,0) of the UWB IPS. The plots from Figure 3 show the
estimated position (est) in contrast to the real position (cmd),
Both values were sampled at 50Hz, during 8 seconds. Using
the variable sensor noise R, significantly increases the ac-
curacy in estimation approximately by 0.2m in the three axes.

S = [.’L’E VB d]T

NOVEMBER 17" 1O 19t" 2021, PUEBLA, MEXICO

12" INTERNATIONAL MICRO AIR VEHICLE CONFERENCE

Position X Position X

e e
o o
8 s

s o
g2 g
g
Position X [m]
°
2

Position X [m]
g

°
°
s
g

0 50 100 150 200 250 300 350 400 0 S 100 150 200 250 300 350 400
Position Y Position Y

— et 000
020 amd
002
015
004

008 { — et
and

Pasition Y [m]
°
s
Position Y [m]

0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
Position Z Position Z

—— and

— st

emd
-03
0.00

0 5 100 150 200 250 300 350 400

Position Z [m]
5
Position Z [m]

0 50 100 150 200 250 300 350 400

Figure 3: Effects in position estimation before using variable
sensor noise (left) and after implementing it (right).

Once the variable sensor noise term was implemented
into the EKEF, several flight paths were tested (linear, square,
rhombus and hexagonal paths). The measurements from
UWRB using a TDOA algorithm proved to be reliable enough
for position estimation. The mean absolute error obtained in
all cases remained between 8-10 cm, when compared to the
measurements from the Optitrack system.

5 DRAG COMPENSATION

The first technique for yielding a better control strategy
for FWMAVs was to obtain a model for drag compensation.
Since the drag is typically neglected in aerodynamic models,
there tends to be an offset between the commanded veloc-
ity and the velocity output by the controller. Usually a feed
forward term is used to compensate for these drag effects.
Following the structure of the controller in Section 3, the ve-
locity loops provides the input for the attitude loop. Thus,
feed forward is modelled as a function of velocity:

Orr = f(vzp) 3)

orr = f(vyge) )

Where Eq. (3) is the feed forward term for pitch and Eq. (4)
is for roll. In order to derive such a model, a system identi-
fication experiment is proposed based on the supplementary
materials from [22], where step inputs in roll and pitch are
given to the flapping-wing drone and then the transient re-
sponse is recorded. The experiments are done using manual
flight via a Frsky RC-controller where the pitch and roll step
inputs are pre-programmed. The tracking data is recorded
with the motion tracking system mentioned in Section 2.
Figure 4 is given as an example of the transient response
in velocity obtained for different step-inputs in pitch (a sim-
ilar response is obtained for roll angles). Due to limitations
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Figure 4: Velocities attained at different pitch step inputs

on the size of the flight arena, only for the small angles (be-
low 45°) it is possible to reach the steady-state velocities. For
higher angles, a common technique to reach the steady-state
velocities is to perform wind-tunnel experiments [23]. In this
case, an alternative method is used where a non-linear regres-
sion model is obtained for the smaller angles and then it is
used to extrapolate the data at higher angles. From figure 4, it
can be appreciated that the transient response approximates to
the behaviour of a first-order system. Hence, the equation for
the transient response is modelled as an exponential function
of the form:

v(t) = a — be~ et &)

The parameters a, b, c and d from Eq. (5) have to be initialised
with certain values, depending on the shape of the curve ob-
tained from the measured data points. The final steady-state
values obtained from the extrapolation model strongly de-
pend on how many data points are considered for the regres-
sion model. Hence, Table 1 shows the absolute error between
the last measured velocity for each angle, and the respective
value calculated from the extrapolation model. For the angles
of 30° or less, this velocity approximates to the steady-state
velocity. For angles of 45° or above, the last measured veloc-
ity is used as ground truth equilibrium velocity, although it is
still part of the transient response.

Final velocity error at different pitch angles [m/s]
Data taken for regression 12° 22° 33° 45°%* 52°%

10% 0.124 | 0.0752 | 0.1842 | 0.2641 | 0.276
30% 0.0318 | 0.0459 | 0.0347 | 0.1899 | 0.1259
50% 0.0166 | 0.0636 | 0.015 | 0.2048 | 0.0038
70% 0.0183 | 0.0632 | 0.0282 | 0.1379 | 0.0402
90% 0.0142 | 0.0561 | 0.0289 | 0.0857 | 0.0185

Final velocity error at different roll angles [m/s]
Data taken for regression 12° 22° 33° 47°% 52°0%

10% 0.1007 | 0.1479 | 0.0391 | 0.2972 | 0.3028
30% 0.10 | 0.1216 | 0.0452 | 0.2303 | 0.2366
50% 0.0262 | 0.1427 | 0.0325 | 0.0499 | 0.0849
70% 0.0234 | 0.0802 | 0.0378 | 0.0486 | 0.095
90% 0.0268 | 0.0247 | 0.0261 | 0.0266 | 0.0757

Table 1: Extrapolation errors taking different amounts of data
for regression model. *Indicates that for those angles the final
velocity is not considered as ground truth. Hence these errors
are overestimated.
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As expected, results from Table 1 show on the angles of
accurate ground truth (12°,22° and 33°) that the overall accu-
racy of the extrapolation model, for both pitch and roll, in-
creases as more data points are taken for the regression. Indi-
vidually, for each angle, accuracy remains approximately the
same with 50% of the data points or more. For illustration
purposes, Figure 5 shows the predicted steady-state velocity
for each angle when taking 70% of the data points for the
regression model. Nevertheless, the real steady-state values
used were the ones obtained taking all of the data points since
those ones result in the lowest error.

Once the steady-state velocity for each angle is available,
the pitch-velocity and roll-velocity models can be obtained.
Given the mapping of the steady-state velocity/attitude pairs,
different regression models were tested to approximate the
relationship the models (linear, quadratic and exponential).
Since the maximum roll and pitch angle is 90° for a FWMAY,
it is expected that the velocity will converge to a maximum
value as the angle approaches 90°. Thus, the model is ap-
proximated as the exponential function in Eq. (6). Linear or
quadratic models could be used as well, but they would only
be valid within specific ranges since they do not converge to
a constant value.

v(0) = a + be~ (6)

Using the obtained steady-state velocity, a nonlinear re-
gression model is obtained using Eq. (6). For both pitch and
roll the parameters are initialised as: a = —90,b = 90 and
c = 0.3. Moreover, to test the applicability of the exponential
model, the same described procedure was applied to the data
sets from [22] regarding the Delfly Nimble (a 33cm-wingspan
FWMAV of the same type). Then the nonlinear regression
model is applied initialising the parameters with exactly the
same values. Figure 6 shows how the exponential curves of
the Flapper and the Delfly properly approximate to the given
data points for both roll and pitch.

6 HEIGHT CONTROL

Having a reliable height control strategy is essential to
guarantee successful autonomous flight. Mainly it is used
to keep the drone flying at a certain altitude and for hov-
ering. Nevertheless, it also plays a major role in landing,
which is known to be as the most challenging phase of flight
for any aircraft. Height control is intimately related with
thrust. Therefore, two approaches for improving thrust com-
mand were considered, first one is a voltage-dependent thrust
model, and second one is an analysis of the ground effects.

6.1 Voltage-thrust model

Thrust is part of the position and velocity control of the
drone, it also involves a PID controller which takes a com-
manded throttle and delivers an output signal for the motors.
The signal from the controller is summed with a feed forward
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Figure 5: Extrapolation models for pitch (left) and roll (right) at different velocities
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Figure 6: Pitch/velocity (left) and roll/velocity(right) models obtained from extrapolated data

term known as base thrust, which is the thrust required to
keep the drone hovering at a certain altitude. In most cases
the base thrust is a constant value, but there is evidence that
the required base thrust tends to increase as the battery volt-
age drops off [13]. In order to observe this behaviour, a series
of experiments were done where the drone started flying with
a fully-charged battery and then let it hover until the battery
got discharged. all values were sampled at 50 Hz and mapped
as depicted in Figure 7.

Throttle is used instead of thrust because this is the signal
that is directly input into the motors. In this case, throttle is a
dimensionless value where 30000 sets the motors to the low-
est speed and 60000 indicates full speed. The data points are
then filtered and used to create a regression model. The im-
provement when increasing the order of the regression model
is not significant. First, second and third-order models yield
R? =~ 0.756. Albeit there is noisy data involved, it is not
considered for the regression model since it is already known
that the noise comes mainly from the feedback of the con-
troller and the IMU measurements. Nevertheless, there is the
option of using alternative regression models to account for
the stochastic behaviour observed in Figure 7, which may re-
sult in a better R? value.

Once the model is implemented, the base thrust turns into
a variable base thrust whose value will tend to increase the
longer the drone keeps flying. To evaluate the model, a series
of experiments was conducted using four different thrust con-
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trollers: a P and PI height controller, using both the constant
and variable base thrust. For each controller, the flight was
analysed in five different directions: X-motion, Y-motion, Z-
motion, XZ-motion and YZ-motion. For each motion, a flight
test was done consisting on five repetitions of step-input com-
mands in the given motion, in order to get an average be-
haviour. Hence, Table 2 summarises the standard deviation
and the mean absolute error between the transient response
and the commanded height for each motion and controller.
Notice from the table that for most of the motions, using a PI
will result in lower error than a P controller, regardless of the

x10%

o O Raw

Filtered
= = 1° order model
= = 2°order model
= = 3°order model

4.5+

Hovering throttle [-]

6.8 7 7.2 7.4 7.6 7.8 8 8.2
Voltage [V]

Figure 7: Throttle and voltage mapping with tendency lines
for different regression models
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variable or constant base thrust. For most conditions, vari-
able PI reaches the lowest mean absolute error and standard
deviation, showing the utility of varying thrust model.

Figure 8 depicts the averaged transient response in height
for each controller, for the cases of X motion and XZ mo-
tion. The reduction of steady-state error caused by the inte-
gral gain is clear in the X motion, where the drone should
keep flying at the same height when moving from one posi-
tion to another. The XZ motion shows a case in which vari-
able thrust model performs less well. In motions where a
change in height occur, performance is more similar between
P and PI controllers. From one side the integral gain tends to
increase the settling time compared to the P controller, but at
the same time the oscillations of the PI response reduces the
error to minimum whenever it crosses the commanded value.

X motion

Height [m]

Constant P
Constant PI
Variable P
Variable PI
Command

Constant P

Constant PI|
Variable P
0.85 Variable PI
——— Command

0 2 4 6 8 10 0 2 4 6 8 10 12
Time [s] Time [s]

Figure 8: Extrapolation models for pitch (left) and roll (right)
at different velocities

6.2 Ground effect

For the second approach in height control, the target was
to investigate whether the ground effect has a large effect
when flying low. According to [14], the range of height in
which ground effects usually occur is 3d > h > d, where
d is the diameter of propellers in quadrotors. Similarly, for
a FWMAY, the range would be proportional to the wingspan
(0.5m). Hence, the experiments to model the ground effect
consisted on keeping the drone hovering at different heights
between 0.33m and 1.2m for over a minute. The lowest height
tested was 0.33m above the ground, since this was the lowest
height at which the drone can be kept hovering autonomously
due to the location of the UWB anchors. In this section, the
height is considered to be the distance between the landing
gear and the ground. For each different height, a mean thrust
and mean voltage is obtained. Using the thrust-voltage re-
lationship found previously, the corrected thrust can be ob-
tained. The ratio between the corrected thrust and the mean
thrust is specific for each different height, as depicted in fig-
ure 9. Notice that for each data point an upper and lower
bound is also provided based on the standard deviation of the
thrust and battery voltage. According to [24], the relationship
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between thrust ratio and height can be modelled as:

2

Toutput h—a

After mapping the thrust ratio with their respective height,
a non-linear regression model using equation Eq. (7) is ap-
plied. Such model approximates the coefficients A = 0.00093
and ¢ = 0.4213. In Figure 9, the regression model stays
within the bounds of each data point. At the tested heights the
ground effect still has relatively little influence on the thrust
ratio. The thrust ratio only decreases to 92% at the lowest
height of 0.33m. Thus, the ground effect is little up to 0.33m.
Lower heights are not considered relevant, because, due to
the disposition the UWB anchors, the drone is unlikely to fly
lower except during take-off and landing. Nevertheless, the fit
shows a sharp drop-off below 0.33m. Whether this is correct
will have to be confirmed with future experiments.

i
= =
HeH

0.8 -

Thrust ratio [-]
o
o

I
~
T

0.2
—F— Data points
Model

. . . .
0.6 0.8 1 1.2
Distance to touch ground [m]

Figure 9: Thrust ratio for each height

7 EXPERIMENTAL VALIDATION

Once all the modifications were done, two versions of the
controller were tested for validation. The first version is re-
ferred as ’raw” version, which is the working implementation
with the default EKF and PID controller mentioned in Section
3, without the proposed enhancements. The second version is
referred as the "modified” version, and is the implementation
with the adaptations mentioned in Sections 4, 5, and 6.

The validation consists of analysing the transient re-
sponses in position and velocity when position step-inputs
were given in x,y, and z. For a wider perspective on the
stability of the controller, the amplitude of the step input was
changed from 1m to 2m. Thus, any difference in the aggres-
siveness of the response can be detected as well. For each
motion and step-input, a series of five repetitions was done
and averaged to obtain the general behaviour of the transient
response. Table 3 presents how the mean absolute error, for
both position and velocity, decreases when using the modi-
fied controller instead of the raw controller. In general, errors
are approximately 1.5 times lower after the modifications.
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X motion Y motion Z motion XZ motion YZ motion Overall
Controller | Mean | Std. dev. | Mean | Std. dev. | Mean | Std. dev. | Mean | Std. dev. | Mean | Std. dev. | Mean | Std. dev.
Constant P | 0.109 0.08 0.098 0.075 0.077 0.117 0.035 0.166 0.043 0.143 0.072 0.116
Constant PI | 0.061 0.159 0.048 0.093 0.06 0.075 0.047 0.09 0.047 | 0.1175 | 0.053 0.107
Variable P | 0.114 0.069 0.086 0.079 0.065 0.069 0.057 0.116 0.046 | 0.1038 | 0.074 0.09
Variable PI | 0.049 0.107 0.025 0.083 0.06 0.056 0.05 0.092 0.037 0.061 0.044 0.08

Table 2: Errors and standard deviations for each controller. Best result for each condition is bold-cased.

Mean absolute error for position step input 1

X motion Y motion Z motion
Version Raw | Modified | Raw | Modified | Raw | Modified
Position [m] | 0.1706 0.105 0.1898 | 0.1048 | 0.0496 0.043
Velocity [m/s] | 0.3945 | 0.1297 | 0.3001 0.1199 | 0.1001 0.0892
Mean absolute error for position step input 2
X motion Y motion Z motion
Version Raw | Modified | Raw | Modified | Raw | Modified
Position [m] | 0.3316 | 0.1978 | 0.2989 | 0.2055 | 0.1245 | 0.1097
Velocity [m/s] | 0.6330 | 0.2859 | 0.4583 | 0.1802 | 0.2476 | 0.1613

Table 3: Mean absolute errors of validation experiments. Best
performance for each case is bold-cased.

Lastly, Figure 10 illustrates how the absolute error ob-
tained in the transient response of the modified version is
smaller and more consistent than the one of the raw version.
For the sake of simplicity, only the transient responses of ve-
locity in = and y to the step input of 2m are given, as the
increase in performance in those two is the largest, according
to Table 3. In Figure 10 the error is defined as the absolute
difference between the output value and the corresponding
commanded value. The plotted error corresponds to the tran-
sient response when the step input of amplitude 2 is given at
t = 1s. Notice that almost throughout the whole response the
error of the modified version is lower than the one of the raw
version. Moreover, most of the peaks of the modified version
are roughly 75% smaller than the ones from the raw version.

8 CONCLUSIONS

The achievement from this work was defining a strategy
for enhancing position control for FWMAVs. From the esti-
mation perspective, the strategy uses an extended Kalman fil-
ter to fuse UWB and IMU data, and it also incorporates a vari-
able sensor noise term. Altogether, state estimation achieves
accuracy between 8-10 cm error. From the control side, three
specific aspects are considered.

Firstly, a velocity/attitude nonlinear model, which showed
to be valid for two different kinds of FWMAVs. Thus, prov-
ing that it can be adapted, as long as there is experimental
data from which the steady-state velocity can be extrapolated
for a certain angle. Moreover, the model was validated using
real flight data and proved its efficacy for drag compensation
as part of the feed-forward term in the velocity control loop.

Secondly, the lower standard deviation of voltage-
dependent thrust, compared to constant thrust, demonstrates

NOVEMBER 17t" 10 19t 2021, PUEBLA, MEXICO

@
1

Modified
Raw

o
T

14

Absolute error in v, [m/s]
° o
5 @ -
T

o
ks

[ 2 4 6 8 10 12
Time [s]

(a) Absolute error in Velocity X

Modified

——— Raw

/5]

¥
o o
> ®

Absolute error inv_[m,
o
=

L ]
0 2 4 6 8 10 12
Time [s]

(b) Absolute error in Velocity Y

Figure 10: Comparison of velocity error during transient re-
sponse to a step input of amplitude 2

a more consistent performance through time. A more notori-
ous contrast can be obtained if the FWMAV flies for longer
periods.

Thirdly, the ground effect experiments prove that as long
as the drone’s wings fly above 0.5m from the ground, no sig-
nificant additional thrust will appear. Nevertheless, to know
how much extra thrust is produced below 0.5m, experiments
should be done through manual flight.

Lastly, in order to improve performance in autonomous
flight using UWB, further development can be done in the po-
sition estimation. For instance drag is not considered in the
EKEF for the estimation of body velocities. An option would
be deriving a drag model from IMU data. Other approach
would be fusing data from other sources (e.g. barometer and
magnetometer data) to compensate for the noisy accelerome-
ter measurements due to inherent mechanical vibrations from
flapping wing flight.
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Onboard Time-Optimal Control for Tiny Quadcopters

Jelle Westenberger!, Christophe De Wagter! and Guido C.H.E. de Croon' *

ABSTRACT

Time-optimal model predictive control is impor-
tant for achieving fast racing drones but is com-
putationally intensive and thereby rarely used
onboard small quadcopters with limited compu-
tational resources. In this work, we simplify
the optimal control problem (OCP) of the po-
sition loop for several maneuvers by exploiting
the fact that the solution resembles a so-called
’bang-bang’ in the critical direction, where only
the switching time needs to be found. The non-
critical direction uses a 'minimum effort’ ap-
proach. The control parameters are obtained by
means of bisection search schemes on an ana-
Iytical path prediction model. The approach is
compared with a classical PID controller and
theoretical time-optimal trajectories in simula-
tions. We explain the effects of the OCP sim-
plifications and introduce a method of mitigat-
ing one of these effects. Finally, we have im-
plemented the *bang-bang’ controller as a model
predictive controller (MPC) onboard a Parrot
Bebop and performed indoor flights to com-
pare the controller’s performance to a PID con-
troller. We show that the light novel controller
outperforms the PID controller in waypoint-to-
waypoint flight while requiring only minimal
knowledge of the quadcopter’s dynamics.

1 INTRODUCTION

Unmanned air vehicles (UAV) are used in an increas-
ing variety of applications [1]. Several applications, such
as emergency response or race tasks require the drones to
fly as fast as they can. Autonomous drone racing has re-
cently emerged as a discipline to boost the development of
fast-flying robots [2—4].

Traditionally the problem of time-optimal control gener-
ation is solved offboard as available hardware lacks the com-
putational performance to quickly solve the Optimal Con-
trol Problem (OCP) onboard a quadcopter [5]. Fast flight is
achieved by tracking these trajectories with high-performance
controllers [6].

*“I All authors are with the Faculty of Aerospace Engineering, Delft Uni-
versity of Technology, 2629 HS Delft, The Netherlands
jellewestenberger@gmail.com
c.dewagter@tudelft.nl
g.c.h.e.decroon@tudelft.nl
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Recent work demonstrated efficient trajectory optimiza-
tion for snap and leveraging differential flatness to derive the
corresponding control inputs [7, 8]. However, the snap op-
timization method does not optimize for minimum-time. In
fact, the total flight time must be predefined and the dynam-
ical limits of the quadcopter are not taken into account. In-
cluding time and dynamic feasibility constraints in the opti-
mization process increases the computational complexity of
the problem [9]. On the other hand, [10] defines a sequen-
tial quadratic programming problem to simultaneously opti-
mize control inputs for action and perception objectives. Al-
beit that in this work the reference trajectories are precom-
puted. [11] has extended on this work and demonstrated a
pipeline that is fully embedded and is efficient enough to be
implemented as a robust MPC. While the results are great,
this comes at a very high computational cost. To address
this, optimal control has also been approximated with deep
neural nets, which are lighter than the original optimization
[12-14]. This approach is powerful but very data intensive.
Model predictive control remains very computationally ex-
pensive and few onboard implementations exist for very light
drones [11, 15]. In this category, classical control remains
common [16].

For a lot of trajectories, the time-optimal solution sim-
plifies to a well-timed maximal control deflection. This pa-
per therefore, proposes a light strategy to approximate time-
optimal control by computing this timing onboard (See Fig-
ure 1).

=2

Figure 1: A comparison of a circular flight path between
the proposed controller (green) and a classical PID controller
(red)

Section 2 shows that the time-optimal position control
simplifies to a bang-bang action on the attitude under well-
selected conditions. In Section 3 we derive the differential
equations that drive the proposed light MPC controller. Sim-
ulation results are presented in Section 4. Section 5 augments
the model for the latency in attitude. Section 6 shows the re-
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sults obtained onboard a Parrot Bebop before Section 7 gives
the conclusions.

2 SIMPLIFIED TIME-OPTIMAL CONTROL

We have simplified the OCP by assuming a constant al-
titude and using the fact that for second-order systems the
time-optimal solution consists of a ‘bang-bang’ motion. For
quadcopter position control this translates to a double step
in either pitch or roll with maximal amplitude. The OCP is
hereby reduced to a problem in which the only parameter to-
be optimized is the switching time, which reduces the compu-
tational complexity of the problem sufficiently to even allow
implementation onboard very small quadcopters. The collec-
tive thrust is governed by the constant altitude assumption and
is therefore considered to be always equal to W /cos 0 cos ¢,
where W is the weight, 6 and ¢ are the pitch and roll angles,
respectively. The lateral dynamics can then be further simpli-
fied.

2.1 Proving bang-bang solution for constant angles

Hehn, Ritz, and D’Andrea [5] show in their work that
with Pontryagin’s minimum principle it can be proven that
the time-optimal solution for a two-dimensional quadcopter
trajectory consists of a bang-bang input in thrust and bang-
singular-bang in rotational rate. We show that this solution
remains valid in our simplified OCP in which we neglect the
rotational dynamics, to further reduce the computational ex-
pense. Continuing with the Hamiltonian from [5]:

H(x,u,p) = 1+ pi£+ pour sin 0+ p3Z+ pa(ur cos 0 — 1)+ psug

ey
where ur is the thrust input and up is the rotation rate input.
pi are the costates. Our model assumes instantaneous attitude
changes and no changes in altitude. Therefore we can dis-
card the last three terms of equation 1 and change the state 6
to input ug. Pontryagin’s minimum principle states that the
optimal control input u* minimizes the Hamiltonian [17].

u* = argmin pyur sinug 2)

Depending on the sign of ps, uy is either £0.57 or singular
when p, = 0. However, at these pitch angles, it would be
impossible to maintain altitude. Therefore, maximum pitch
and roll angles are determined based on the thrust-to-weight
performance of the quadcopter while reserving a margin of
available thrust for additional control.

2.2 Minimum-effort Approach

We apply the ‘bang-bang’ solution to one critical axis.
Intuitively, this axis is selected to be the direction with the
largest initial position error. Control of the direction perpen-
dicular to this axis is based on a ‘minimum effort’ approach.
The intuition behind this approach is to only spend the min-
imum required thrust on decreasing the position error in the
non-critical dimension such that a maximum available thrust
can be spent on the critical dimension. This is achieved by
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calculating the constant attitude for which the non-critical po-
sition target is reached at the same time the critical target is

reached.

3 BANG-BANG MPC

Based on the simplified OCP, we have created a controller
that calculates the optimal roll and pitch angle from path pre-
dictions. We refer to this pipeline as the ‘bang-bang’ con-

troller.

3.1 Path Prediction

For the sake of computational efficiency, we have sim-
plified the dynamics such that the quadcopter’s position and
velocity can be evaluated analytically. By discarding the ro-
tational and vertical dynamics, and partially decoupling the
longitudinal and lateral dynamics we have derived a set 2™
order differential equations to describe the quadcopter’s posi-

tion and velocity.

Figure 2: 2-D Quadcopter Dynamics

Based on the aforementioned assumptions and the force
diagram depicted in Fig. 2 we state that the pitch angle 6 and
the thrust are constant and 7, equals the weight W. Further-
more, we assume that drag force D, consists only of flapping
drag and is linearly proportional to airspeed x, which is gov-

erned by drag coefficient C;. So we can write:

C
x:gtane—;dx

Where g and m are the gravitational acceleration and mass,

respectively.

Equation 3 is a 2" order, non-homogeneous equation and
is easily solved with the characteristic equation and method

of undetermined coefficients. This yields:

=Ca, Wtan 0
x=cie mn " +c2+ t
Cy
. —Cq =%, Wtanb
X=ci——em
m Cd

Constants ¢ and ¢, are solved with the quadcopter’s ini-
tial position xp and initial velocity Xy. This procedure can be
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repeated for the lateral direction, which is the direction out-
of-plane in Fig. 2, taking into account the proper Euler angle
rotations when deriving the lateral component of the thrust
force:

;Cdt W tan ¢
= m t 5
y=c3e +ca+ c0s8 C, (5a)
. —Cy =G, W tan¢
=c3——em 5b
y=a m ¢ cosO Cy (5b)

c3 and ¢4 are solved with the quadcopter’s initial lateral
position yy and lateral velocity yy.

Figure 3 illustrates an example of a single path prediction
and the corresponding pitch and roll angles. The bang-bang
maneuver of the longitudinal path can be described by eval-
uating equation 4 for two segments; One segment up to the
switching instant (the acceleration phase) and a segment up
to the time of arrival (the braking phase). Only the constants
and pitch angles change between the two sets. The final ve-
locity and position of the first segments are used as initial
conditions for the second segment.

The lateral path can be described by one segment because in
the ‘minimum effort’ approach the roll angle is assumed to be
constant for the entire maneuver up to the target.

12 Path Prediction

Bang-Bang: Segment 1
10 Bang-Bang: Segment2 =~ T T — T _== —

Minimum-Effort

= 8 H{— — — Longitudinal Target Position (10m)

E’ — — — Lateral Target Position (5m)
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’é ,,,,,,,,,,,,,,,,,,,,,,,,

o
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=3
T

Figure 3: Example of predicted longitudinal and lateral paths.
The longitudinal direction takes on a bang-bang motion that
consists of two segments with opposing constant pitch angles.
The lateral direction takes a minimum-effort approach which
consists of a single segments and a constant roll angle.

3.2 Optimizing

In the OCP, the switching time and the non-critical angle
are the two parameters that are to be optimized. Thanks to the
analytical nature of the path equation a fast iterative bisection
scheme can be used to find the optimal switching time and
angle.
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3.2.1 Solving Switching Time

To solve the switching time a desired velocity at the position
target must be given in advance. The bisection scheme then
iteratively adapts the switching time to minimize the velocity
error at the target position. This procedure is described in
Algorithm 1. In addition to an optimized switching time, an
estimated time of arrival (ETA) is given as well. This is used
in optimizing the non-critical angle.

Algorithm 1

to <0

11 < initial guess

E; < error threshold

yq < desired position

while E > E7 do
ty i
t; < get_time_from_desired_speed(v ;)
E <« get_position(t;) — yq

o
o
T

if £ > 0 then
<t
else
o < I
end if
end while
Path Iterations
100 1
-ty —ter.7 i1
80 ™ | e ey, 1 e Iter. 9 1
lter. 3 Target 1
60 1
1
1

position [m]

|
|
|
|
[ | === lter. 5 1
]
J
1
]

o

|

time [s]

Figure 4: Illustration of the switching time, #;, optimization
process. The goal is to reach the target at 30m with zero rest
speed.

3.2.2 Solving Minimum-Effort Angle

Analogously to the critical direction, a bisection scheme is
used to iteratively change the angle to minimize the non-
critical position error at the estimated time of arrival. The
goal for the quadcopter is to reach the critical and non-critical
targets simultaneously.

Moreover, during the braking phase of the ‘bang-bang’ mo-
tion, the related angle will also be optimized in this fashion
to correct for prediction inaccuracies in this phase.

4 SIMULATIONS

Simulations have been performed to compare the ‘bang-
bang’ controller flight performance to a classical PID con-
troller and to time and snap optimized trajectories, provided



.org/

/[/[www.1mavs

http

IMAV2021-11

Corner

| Minimum Time BangBang ‘
Minimum Snap PID
Forward
0.2
€0 p
E 42 —
N 04 \% E
06 N
0 2 4 6 8 10
X [m]
ym 6 0 X[m]
Figure 5: Trajectory comparison in simulation
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Figure 6: Development of the ETA of a simulated flight, cor-
rected for passed simulation time. For perfect predictions, the
time of arrival would be constant.

by the well-known ICLOCS toolbox [18]. This toolbox uses
direct collocation to optimize a nonlinear OCP from an initial
guess. Two maneuvers, a straight and a cornered trajectory,
have been simulated to individually test the longitudinal and
lateral flight behavior. The resulting flight times are summa-
rized in table 1.

Forward Corner
Bang-Bang 1.52s 2.53s
PID 2.51s 4.16 s
Min. Snap 1.77 s 2.53s
Min. Time 1.30's 1.87s

Table 1: Simulated flight times

It can be seen that the bang-bang controller outperforms
the PID controller in all maneuvers and is on par with the
snap-optimized solution, but at a fraction of the computa-
tional cost.

5 TRANSITION COMPENSATION

It was found in simulations that the instantaneous angle
assumption of the path predictor has the largest negative ef-
fect on the performance of the ‘bang-bang’ controller. Since
a quadcopter cannot achieve infinitely high rotation rates the
second part (further called the braking phase) of the bang-
bang maneuver will always be initiated too late. As Figure 6
illustrates, path predictions deviate during the rotation from
rest to acceleration at 0 s, and during the transition from ac-
celerating to braking around 1.6 s.

NOVEMBER 17" 1O 19t" 2021, PUEBLA, MEXICO

12" INTERNATIONAL MICRO AIR VEHICLE CONFERENCE

In order to mitigate this issue, we have implemented a
method that approximates the elapsed time and change of
speed and position during the transition. Subsequently, the
initial conditions of the braking phase are augmented with
these values to improve the path predictions, as figure 7 il-
lustrates. Figure 8 shows the effect of different degrees of

Predicted Position

I
__ 14y
10 At

X [m]

No Compensation

With Compensation

*  Switching Time No Compensation
X Switching Time With Compensation

0 0.5 1 1.5 2 25
Time [s]

Figure 7: The initial conditions of the braking phase are
shifted with A¢, Ay and Av to compensate for the rotation dy-
namics during the transition from accelerating to braking.

compensation for a simulated flight.

No compensation
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Overcompensatior
50

50 50

0

50t
0 1 2 0 1 2 0 1 2
time [s] time [s]
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o
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-
o

(6]

v, = 0.7

speed [m/s]
speed [m/s]
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o
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Figure 8: Different degrees of transition compensation are
illustrated here. The shaded area indicates the period at which
braking is forced. The desired target speed v; is 0 m/s.

6 EXPERIMENTS

Flight tests have been performed with a commercial Par-
rot Bebop quadcopter in which all software was changed. The
performance of the ‘bang-bang’ MPC is compared to a tradi-
tional PID controller for different types of maneuvers.

6.1 Experimental Setup

The ‘bang-bang’ controller has been implemented in the
open-source autopilot framework Paparazzi-UAV [19] and is
executed onboard a Parrot Bebop quadcopter. The flights
were performed in TU Delft’s ’CyberZoo’ indoor flight area
outfitted with an Optitrack position and attitude tracking sys-
tem. The position and heading are sent to the drone via
WiFi and the state estimation is executed on board by means
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of the inertial measurement unit and complementary filters.
The ‘bang-bang” MPC and PID controller give roll and pitch
commands while the inner control loop, based on Incremen-
tal Nonlinear Dynamic Inversion (INDI) [20], controls the
rotational rates. Figure 9 gives an overview of the control
pipeline.

6.1.1 PID Controller

The PID controller is a high-gain cascaded position-velocity
controller. That is, the position error will govern the desired
speed, which in turn governs the pitch and roll commands. A
single set of gain values has been selected that gives the best
overall result in all tests. This set is kept constant throughout
all flight experiments. Furthermore, we have defined satura-
tion limits for the allowable speed and pitch and roll angles.
For a fair comparison, the same limits have also been applied
to the ‘bang-bang’ controller.

6.2 Transition Estimators

As discussed in section 5, we can compensate for the un-
modeled transition dynamics by approximating the transition
losses. These dynamics are difficult and costly to simulate for
a real quadcopter, therefore we have derived a simple linear
regression model to approximate transition losses Af, Ay and
Av from flight measurements. We assumed that these losses
are a function of the speed at the switching time, and of the
total angle the quadcopter needs to rotate. We found that the
transition losses varied between forward, backward and side-
ways flight maneuvers. Therefore, three different sets of es-
timators have been derived, each corresponding with one of
these directions. In the control pipeline, one set of estima-
tors is selected based on the direction in which a ‘bang-bang’
maneuver is planned.

6.3 Motion Primitives Flights

Test flights have been performed to test the bang-bang
controller for different motion primitives. That is, six differ-
ent maneuvers have been established to test the longitudinal
and lateral performance in which the quadcopter starts and
ends at rest. For each maneuver, a comparison is made be-
tween the ‘bang-bang’ controller, the ‘bang-bang’ controller
with transition compensation, and the high-gain PID con-
troller.

During these maneuvers the heading is kept constant and
the critical direction for which the ’bang-bang’ maneuver is
planned is based on the largest component of the initial posi-
tion error.

Table 2 lists all maneuvers and their initial and target posi-
tions. The controllers are assessed on the time it takes to
reach their target, the degree of overshoot, and the velocity
error while passing the target.
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Maneuver ‘ Initial — Target Position (X,y,z) [m]
Forward (—2,0,1.5) = (2.5,0,1.5)
Backward (—2,0,1.5) = (2.5,0,1.5)
Sideways (0,-2,1.5) = (0,2,1.5)
Forward-Sideways | (—2,-2,1.5) — (2,1,1.5)
Forward-Up (=2,0,1 ) (2.5,0,2.75)
Forward-Down (—2,0,2.75) — (2 5,0,1)

Table 2: Translated distances for each motion primitive ma-
neuver.

6.3.1 Results

Table 3 summarizes the flight results. It can be seen that the
non-compensated bang-bang controller has the largest veloc-
ity errors and overshoot. Furthermore, it becomes obvious
that the compensation system has a positive effect on the path
prediction performance. Unfortunately, the transition loss
model is not accurate enough to completely mitigate the tran-
sition losses and some degree of overshoot still occurs. In
these simple start-stop tests, the PID controller is marginally
slower than both bang-bang controllers but has lower over-
shoot and velocity errors.

6.4 Consecutive Waypoints Flight

To test the proposed controller in a setting that more

closely resembles an autonomous drone race, a flight plan
with consecutive positional waypoints has been implemented.
In this flight plan, the quadcopter is no longer instructed to
come to a full stop at each waypoint. The desired speed at
each waypoint has been set to 2 m/s as it was found itera-
tively that this value in combination with a position thresh-
old of 70 cm resulted in smooth trajectories for both the PID
and bang-bang controllers (See Figure 1). However, it is ex-
pected that the optimal threshold values are controller- and
trajectory-dependent.
Because currently no heading changes were incorporated into
the ‘bang-bang’ maneuver planning, the heading is kept con-
stant. The critical direction in which a ‘bang-bang’ motion is
planned is automatically adjusted based on the direction with
the largest position error.

6.4.1 Results

Figure 10 shows top views of flights with the two controllers.
Both controllers have been assessed on the time it takes to
complete one circle and the minimum position error. The re-
sults are displayed in figure 11. Here, the ‘bang-bang’ con-
troller is seen to outperform the PID both in speed and target
accuracy. The PID controller is unable to give priority to one
direction over the other. Due to the high gain values, roll and
pitch angles are quickly saturated even if the position error
of one direction is much smaller than the other, which slows
down the critical axis. In the various flight runs of the PID
controller, large lateral oscillations can be seen. It was also
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Figure 11: Circle completion time and minimal waypoint dis-
tance for consecutive waypoint flights

found that the PID controller was more likely to reach un-
stable situations due to the high simultaneous pitch and roll
angles compared to the bang-bang controller.

The predicted times of arrival for a single run are illus-
trated in Figure 12. From this figure, we can derive the real-
time path prediction performance. As expected the time in-
creases during the angular rotations. However, during the ac-
celeration phases, the time is seen to decrease. We think that
this is caused by inaccurate aerodynamic drag estimation and
by the effect the non-critical angle has on the acceleration in
the critical direction.

7 CONCLUSIONS

We have proposed the ‘bang-bang” MPC which ap-
proaches time-optimal control principles while being com-
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Figure 12: Estimated time of arrival corrected for passed
time.

putationally efficient enough to run onboard a commercial
quadcopter. This is achieved by assuming that the solution
consists of a double step control input in attitude angle for
one ‘critical’ direction while the non-critical direction has a
constant angle as solution. This simplifies the OCP and dras-
tically reduces the computational complexity. For efficient
control parameter optimization, a bisection scheme in combi-
nation with an analytical path prediction model is used. We
have shown both in simulation and in real-world flights that
the ‘bang-bang’ controller is a feasible option for fast flight.
In fact, for the consecutive waypoint flight, the ‘bang-bang’
controller is shown to be 17.5% faster than a traditional high-
gain PID controller on average. The entire control pipeline
easily runs at the main control loop frequency of 512Hz on
the Bebop and is sufficiently light to run on even smaller
and computationally-limited quadcopters. However, a more
thorough analysis is needed to quantify the required compu-
tational effort.

The bang-bang MPC also shows promise to be an attractive
easy-to-implement solution. For the pipeline requires min-
imal knowledge of the dynamics (only C; and mass). And
despite that the transition compensation in its current state
relies on measurement data, future work could mitigate this
process with on-line transition loss estimation. Currently, the
constant altitude constraint forms the largest deviation from
the theoretical time-optimum solution found by ICLOCS. Fi-
nally, the pitch, roll, and thrust limits are set conservatively
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Controller Maneuver
Forward Backward Sideways Forward-Sideways Forward-Up Forward-Down

Mean Time of Arrival [s]

Bang-Bang 1.38 (n=4) 1.41 (n=4) 1.29 (n=5) 1.47 (n=4) 1.25 (n=3) 1.50 (n=3)

Bang-Bang Comp. 1.42 (n=15) 1.47 (n=12) 1.37 (n=11) 1.53 (n=15) 1.32 (n=7) 1.52 (n=7)

PID 1.48 (n=10) 1.54 (n=8) 1.43 (n=8) 1.51 (n=8) 1.40 (n=5) 1.54 (n=5)

Mean Overshoot [m]

Bang-Bang 0.62 (n=4) 0.81 (n=4) 0.53 (n=5) 0.27 (n=4) 1.20 (n=3) 0.77 (n=3)

Bang-Bang Comp. 0.18 (n=15) 0.22 (n=12) 0.06 (n=11) 0.11 (n=15) 0.51 (n=7) 0.20 (n=7)

PID 0.05 (n=10) 0.04 (n=8) 0.04 (n=8) 0.04 (n=8) 0.03 (n=5) 0.14 (n=5)
Mean Velocity Error [% ]

Bang-Bang 3.05 (n=4) 3.51 (n=4) 3.06 (n=5) 1.85 (n=4) 3.82 (n=3) 3.38 (n=3).

Bang-Bang Comp. 1.60 (n=15) 1.88 (n=12) 0.69 (n=11) 0.38 (n=15) 2.63 (n=7) 1.63 (n=7)

PID 0.08 (n=10) 0.08 (n=8) 0.14 (n=8) 0.06 (n=8) 1.01 (n=5) 0.20 (n=5)

Table 3: Performance values the different controllers in 6 maneuvers. n is the number of runs performed.

and flight performance could be improved if these parameters
are made adaptive.
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Fast simulation model for control law design and
benchmark of high aspect ratio flexible UAVs

Romain. Jan (ISAE-SUPAERO, University of Toulouse, 31400 Toulouse, France); Jean-Philippe Condomines (ENAC,31400
Toulouse, France),Jean-Marc Moschetta(ISAE-SUPAERO)

ABSTRACT

A low/middle range fidelity model is highlighted
in this work through the development of a con-
servative extension in order to assess a signifi-
cant part of the UAVs community’s current is-
sues. Such as flutter control, gust alleviation,
trajectory tracking, energy harvesting strategies,
parametric studies... One aims at providing an
efficient tool for the quick design of high aspect
ratio UAVs coupled with advanced control laws.
The work recalls the theoretical background used
on the model, the methodology applied to en-
hanced it, and 3 illustrative examples.

1 INTRODUCTION

Nowadays’ the trend regarding UAVs is the improvement
of efficiency, endurance, and impact on the environment lead-
ing to lighter and flexible aircraft, rising new problems re-
garding its sensitivity to the surrounding environment.

The last works regarding UAVs rise the need for modu-
lar and fast simulation model to capture sophisticated flight
dynamics as well as the structure behaviours both coupled
with advanced control strategies. Such a tool could assess the
different issues risen by UAVs such as flutter damping ([1],
[2],[3]), energy harvesting strategies ([4], [5], [6]), flap in-
version behaviour due to structural deformation ([7]), flight
envelopppee extension ([8]), gust alleviation ([9],[10])

There exists differents tools to asses those problems
adapted to high aspect ratio UAVs such as ASWING [11],
UM/NAST [12], CA2LM [13] and others used in [14]. De-
spite the recency of some of them, after an overview of the
theoretical background used, the authors choice converged to
ASWING for 3 main reasons derived below:
structural part:

Some of them do not consider all the 6 degrees of freedom,
inertial coupling, and local damping. Moreover, coupling be-
tween local beam variables is not considered (cross-sectional
bending/twisting). Few models assume small beam deflec-
tions and a linear beam behavior. Elastic, tension, and grav-
ity’s center’s positions can not be specified. Others use a rect-
angular beam assumption for bending and stiffness matrices
computation.

aerodynamic part:

*Email address(es): romain.jan @isae-supaero.fr
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Figure 1: ASWING working with MATLAB

Propeller jet-induced velocities are neglected in most of
cases. For some compressibility effects are not taken into
account as well as ground effects. Shed vortices are approx-
imated by a temporal Theodorsen function. Other models do
not present a post-stall behavior capture.

applied forces:

Added mass effects, unsteady effects on propeller blades,
joints, and struts loads are not usually considered as well.
Joints degrees of freedom restriction, and concentrated efforts
neither.

Furthermore, as most of those low order models are de-
signed on MATLAB, calling external libraries costs a lot of
time especially in temporal loops. Memory is dynamically
allocated and freed leading to slower simulation. As a com-
piled program ASWING is very fast and works in real-time
with nowadays computers. With an improved temporal solver
and a compiled version on a dedicated device, it could show
interesting performances.

However, MATLAB remains a very efficient and pro-
ductive tool for analysis and post-simulation data treatment.
Consequently, one’s objective is to present an extension of
ASWING that the user could run through MATLAB as an
“opened” black box as shown in figure 1 The use of a fast
compiled simulation software with MATLAB would allow
large parametric studies of flexible UAVs for a small com-
putational time cost.

Unfortunately, ASWING provides a very limited control
law toolbox which limits its use in the flight control commu-
nity highlighting the main contribution of this work.

2 PROBLEM STATEMENT

In ASWING [15],[16] the dynamic of a given aircraft is
described by a non linear system with x as a states space vec-
tor:
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xr =
(73, 0;, M;, u;,w;, v;, w5 : beam node variables (18 Np)
ry,05, My, Fy;joints variables (12N ;)

Ay, ... Ak, A17 .. A'K : circulation modes (2K)

- 5 o L o5 S

RE,RE,® 0,U,U,Q,< : global position and rates (32)

ap, ag : absolute accelerations variables (6)

0F1,...0FN,0E1,0Ey : flaps and engine level (32)
)T
y is the output variables measured at each sensor location
which are x dependant. The feedback-able variables are the
local freestream velocity, angle of attack and sideslip, local
positions, angles, velocities, rotations rates and accelerations,
internal beam loads and circulations.
u denotes the forcing vector defined by :
u =
(y* : desired output behaviour
0*Fy,...0"Fn,0"E1,0"Ey : desired flaps,
engine levels

Vwmd(f, z,y,t) : turbulence velocity model
)T
The 6 degrees of freedom of every beam node are gov-
erned by the non-linear Euler Bernouilli beam equations in its

multivariable differential form. By denoting ¢ = (77, 67;)1 S
[1, Np].

[M(2)]g + [C(2)]¢ + [K(z)lg = 0 €))

where [M(z)], [C(z)] and [K(x)] are non linear mass,
damping and stiffness matrices. They take into account the
effect of structural damping, loads and rates, external dis-
tributed and concentrated loads. Distributed loads are lift and
drag, added mass effect, inertial and gravity loads integrated
along the beam. Concentrated loads recover the effect of en-
gine thrust and drag, point mass, struts, and joints loads.
Joints variables are introduced to connect and constraint
beams. Circulation modes are used in an extended unsteady
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lifting line theory taking into account compressibility effect
and velocity influence of wing thickness; shed and steady
vortices of every lifting beam and propeller jet stream. Cir-
culation modes are constraints in a flow tangency condition
with post-stall modelization. Those circulation modes are
used to compute lift and drag. Distributed lift is computed
with the unsteady form of Kutta-Joukowsky theorem for sur-
face beams, and with slender body theory for fuselage beams.
Distributed drag sums up the friction and pressure drag and
post-stall contributions. For both lift and drag, the knowledge
of tangent and orthogonal relative stream velocity is neces-
sary which is a function of infinite freestream, local beam
node positions and rates, turbulence, and induced velocities.
The global position, rates, and absolute accelerations vari-
ables are governed by the “rigid” kinematic and trajectory
equations known as :

%—@U_o 2)
%—@ﬁzo 3)
Cfi_lz+ﬁxﬁ_50:0 4)
%?—@ozo (5)

where T and C'g are global position and orientation de-
pendant transformation matrices. Moreover, absolute accel-
erations can be constrained for a free flight or anchored con-
figuration.

The flaps and engine-level variables are governed by a
control law equation introduced later in the document.

In the end, the behavior of the state space vector x is gov-
erned by the non linear system :

i =f(z,u)
() : {y — h(z,u) (6)

Depending on the number of beams and their associated
mesh, the total number of states variables can rise very fast
and reach more than 10000. Using this discrete model as an
analytical tool for control law design would be unadapted.
Therefore ASWING provides a reduced-order model (ROM)
generator function leading to the linear system

2=Az+ Bu
(ROM) : (N
y=Cz+ Du

where A is a diagonal matrix containing the aircraft modes
and z is an alternative state vector equivalent to x defined as:

z=Vz ®)
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Control laws

Linear Non Linear
PID Gain Scheduling
LQG Slidding mode control
H./Hs Control-Lyapunov functions
p-analysis Backstepping
Guardian mapping Non linear damping
Fractional order Controller Feedback Linearization

Table 1: Examples of implementable control laws

In practice, the user can select slower and fast undamped
or unstable modes to drastically reduced the dimension of z.
Moreover, he can select different outputs to study the small
perturbations’ effects of each mode. The system (7) is then a
useful intel for control laws design.

Unfortunately, ASWING comes with a limited control
law known as outputs proportional feedback :

5:5ref+Ky(y_yref) (9)

where K, is a bi-scheduled matrix. One must note that
integral errors are part of the y vector allowing the user to im-
plement PID controllers. However the main problems of this
form are the assumptions of perfect knowledge of the outputs
and direct impact of actuators (no noise, no sensors/actua-
tors dynamics or saturations), and the lack of the controller’s
internal dynamic. Consequently, advanced control synthesis
and benchmark are limited leading to the contribution of this
article.

3 ASWING ADVANCED CONTROL LAWS

One is seeking to implement a multi-inputs multi-outputs
(MIMO) non-linear control law as depicted on figure 3. To
fulfill this objective, one must introduce a new state vector to
consider its internal dynamic. Thus for a set of control states
variables vector . the control law takes the form:

Ze = fc(«Tm YsYref, 6’ref) = f(l'c; Uc)
(C): (10)
0= hc(l’c, uc)

10 recovers many control law forms used in MIMO non
linear and linear theory sum up in table 1. Moreover, this
form remains conservative, meaning that the original PID can
still be implemented. Thus the next lines aim at giving the
critical steps to apply so that such control laws could be used
on ASWING.

3.1 Modal analysis and time marching
For the next lines one will prefer the residual form of 6
written as :

r(z,z,u) =2 — f(z,u) (11)
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The state vector temporal evolution can be solved by us-
ing a multivariable Newton alogorithm depicted in [17] and
[18] as :

12)

. . or or1t
Xz+1 — XZ S — ,,,1
" " ox 09 i
where i is the Newton iteration index and n is the time index
such that ¢ = nTe. Again for the next lines one will prefer

the shorter notation of the matrix:

or or or]"

[ax,ch - [5:0 * koasc} (13

To solve 12 a Gaussian block elimination [17] is used to
invert the matrix (13). Such matrix representation appears
suitable for different types of analysis. In fact by forcing kg
to zero, one force 12 to the steady case and by inspection of
13 eigenvalue one recovers the modal response of the aircraft
for a given steady flight condition. Secondly, it provides an
accurate time-marching behavior for a relatively small time
step choice. To embed 10 in the solver 12 one must split the
state vector x such as :

x = (x&m@w?x%) (14)

— —

Sﬂgz(ﬁ 0; M; F; i @z)
T
v

:(MJ AG, M, F, A, A,

i€[1,NB]

Ak e)Je[1,NJ]
x;:(ﬁE 6 U O ay 520>
CL‘%:((SFL...,(SFN,(SEL...7(5EN)T

where evey variables from z¢, v, zp, zp have been
described in section 2. At the light of the state vector form,
12 is equivalent to invert the matrix:

- -1
or
|0z, ],
[ org ] [ org | [ org ] [ org ] -1
19Q.Q); loviv]; lorPP]; |0D.D];
ory. ory ory. ory. (15)
10Q,Q); loviv], LlerP];, |oD.D];
8’[‘}7. 87‘3 arp_ BTP_
19Q.Q]; LoViV ], LoRP]; |OD.D],
87'13' OT'Q 87'13. 67'D.
L loQ.Q); leviv], |erP]; |6D.D];
As mentioned before a Gaussian block elimination of order 4
. . . . )
is used to solve 15. Note that, the jacobian matrix 5 C;%
Q14

follows a bi-tridiagonal block pattern. Thus the order of def-
inition of the state vector in Eq. (14) is relevant because the
first step of Gaussian Block elimination will not affect the up-
per left matrix block. For the rest of the inversion, one uses
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LU factorization to invert the diagonal matrix blocks. Con-
sequently one must not change the order of definition of the
state vector, otherwise, a huge slow down effect during simu-
lation will be witnessed.

3.2 Extension to a control law with an internal dynamic

As one rises the state vector « with x., the problem be-
comes:

ore ore
[Ox,ac] {Bmc,afc} R.’L’c

(16)

which leads again to the seek of:

[ or }_1_ {fﬁziL [aﬂfrﬂc}z R (17)

ox, x|, Ore_ _Ore
g Ox,& i 0%, T i

As one was seeking to modify as less as possible
ASWING code and as it implements a 4th order Gaussian
Block Elimination and not a generic one, it is consequently
not possible to just add the Jacobian matrix associated to X,
and Rx_ (bottom right block in (17)). Consequently, the code
has been modified so that the new set of control law z. is a
part of the z state vector.

Note that it’s not necessary to give all the jacobian ma-
trices. Concidering the definition of the control law from
Eq. (10) and by having in mind that % is automatically pro-
vided by ASWING code [16], the user only needs to provide

elrorto) heeorno) |G [%]. (2] and [2]
With thoses intels, one can recover both residual forms of the
controller defined in Eq. (10)

D = 0 — hc(xca U,y)
rx, = e — fc(-rc»U,y)

and its associated Jacobian matrices:

sl sl [5ms), sl
0Q.0l, lov,vl, loprP], |oD,D],]

g0k
dx Oy

(97")(0 _ _6fc
o) = [ o)
o), el lors), Lol
0Q,Ql, lav,v], lor,pr), loD,D],]

0y Oh,
N N

(18)
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[ orp } _[th]
0X., X, L0X.

H Orq } [ ory ] [ orp HT_ (19)
8XC’XC i 8XC7XC i anXc i a

o o o7
V,,u..-z(.r-.y.:.f)

u {;it = f(z,u) y
y = h(z,u)

L (G = fol@erys Sress Yres) (6p,0F)
8 = he(@es Y Orefs Yres)

aircraft dynamic

controller

Figure 3: Proposed closed loop in Aswing including ad-
vanced control laws

3.3 Linear Pattern

Equations (19) and (10) are the milestone of the ASWING
control laws extension but they still need to be implemented
in the source code. Therefore one proposes a linear pattern
depicted in figure 4. The user only needs to provide every
A,B,C,D matrices of each block in a MATLAB format. If a
block is not used, it will be automatically removed from the
program. Regarding the pattern itself, one can implements
sensors and actuators dynamics and saturations, a full MIMO
linear controller, and an anti-windup system. Moreover, every
block can be bi-scheduled by every measurable output. Fur-
thermore, noise can be added to the simulation for temporal
robustness studies in a stochastic environment. This pattern
is motivated by the fact that UAVs are using small embedded
sensors and actuators leading to a noisy environment, satura-
tions delays, etc. The authors consequently thought it would
be relevant to consider them directly in a numerical tool. Let
r. = (a,25, 24w, 7x)T be the control states vector, fol-
lowing Eq.(18), In its full configuraiton (every block used)
one has :

h(ze,y,u) = sat(Caza) (20)

where sat(Caza) sat(Cszg) are the saturation function as-
sociated to actuators and sensors
Moreover, one has

8h($c,yyu) _ ( dsat(Caza)

. (Caz) 9 0 0) @D

The jacobian matrix becomes :

Oh(zc, u,y)
dy

At the light of figure 4 f. expression comes:

= 0n5 My (22)
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f(l'caya u) -
Agxa + BaCrri + BADK,Qsat(Cst)
Aszs + Bs(y +wy)
AawTaw + BAw(CAxA - Sat(CA’IA))
Ak + BK_,Qsat(CsxS) — BK’QQ*
+By0*

Br aw (Cawzaw + Daw (Cax s — sat(Caza))
(23)

With its associated jacobians:

af B
dr.
A, BaDy o 220Cszs)
Ons,nA AS
BawCa — BAW%;M Onaw ns
D aw (CA - ‘asatég:“)) Brk,q asaggﬁm)
OnA,nAW BaCk
OTLS,TLAW 0”577LK
AAW OTLAWJLK
BrawCaw Ak
(24)
And
OnA,ny
of Bs
95 _ (25)
oy O”AW7ny
NK Ny

Adding 23, 24, 25, 20, 21 and 22 to 19 recovers 10 for the
linear pattern case.

Interpolation methods:

Interpolation methods have been implemented to set up the
A,B,C and D matrices of each block regarding their discrete
scheduled values. The first method is the nearest neighbor,
the second a bilinear interpolation and the third is a 2D poly-
nomial interpolation. Interpolation methods are often used as
gain scheduling methods, however, a stability study must be
made to ensure that the flight envelope is not too coarse to
threaten the stability of the overall closed-loop system dur-
ing working point switches. ASWING modification does not
provide such an analytical tool. The user will consequently
make sure that the aircraft flight envelope has enough points
to avoid such stability problems.

4 EXAMPLES

The authors must notify, that the change in ASWING
code lets the previous one unchanged meaning that the exam-
ples presented in [11] are still valid and usable. The lecturer
must see this work as a conservative exension.
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Span 4.4m Time range 36h
Weight 14kg Range 3000km
Cruise speed | 24m/s | nominal altitude 100m

Table 2: Mermoz main specs

4.1 open loop control behavior with actuator dynamic:

The first example aims at showing the effect of an added
dynamic and saturations to an aircraft actuator such as an en-
gine. The aircraft used in the next examples is the Mermoz
UAV hydrogen prototype [4] shown on figure 5 whose main
characteristic are depicted on table 2. The engine limits are
arbitraly set to 0 and 7N for a non negative thrust behavior
and limited engine. A first order linear system with a time
response of 3s is used to recover its dynamic. To ensure that
the simulation would not crashed, the aircraft is cantilevered
to the ground. The figure 6 shows the benefit of added pattern
to take into account actuators dynamic and saturations. The
black line accounts for the previous way, and the blue the new
one.

4.2 Output feedback Longitudinal controller for gust har-
vesting: effect of actuators or sensors dynamics

As Mermoz is supposed to fly around 100m over the at-
lantic ocean, one plans to harvest or alleviate the turbulence
created by the sea waves. Futhermore as the altitude is quite
low, the aircraft trajectory must be holden in a given range ris-
ing a control law problem. [6] [5] have shown that there exists
control law stategies for small UAVs which lead to power sav-
ing using the surrounding aircraft environement. They firstly
shown that for a single pulsation sinewave vertical gust, one
could harvest energy and witness a positive gain in altitude.
The proposed control law was a PD control using the encoun-
tered vertical gust velocity measurement as input. In this ex-
ample, one proposes a simple propotionnal feedback of the
aircraft pitch angle as a horizontal stab control law, leading to
a gain in altitude. However one presents the effect of actuator
or sensor dynamic on the performance. 3 different first order
dynamics have been studied with a time response of : 0.1 s
Is and 10s (respectively blue, orange and yellow on figure 7).
The vertical gust is a 1Hz sinewave with hyperbolic tangent
activation function, the amplitude is 1.5m/s. The feedback
gain is set to -1.8. The figure 7 shows that for slow actua-
tors one witness a delayed flap answer with smaller ampli-
tude. However the performance in gain of altitude seems to
be better with a slow actuator. This means that the optimum
feedback gain used for the simulation should be smaller. Con-
sequenlty if the actuator dynamic response is slower or near
the aircraft one, it is highly possible that the control law will
witness a change in its performance.

4.3  Performance robustness to a full bandwith gust model:

The last example follows the same protocole as the pre-
vious example. However the authors has extended the gust



/[www.imavs.org/

http

IMAV2021-12

D*

12" INTERNATIONAL MICRO AIR VEHICLE CONFERENCE

I

il

Q*

t/%
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Controller Dynamic

Q*) + Bx, awyaw

A Ta= Aaxa+ Ba(dx + 0%)
' (SA: CA.IA

Actuators Dynamic
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.s'atg (Ym)

Sensors Dynamic
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Figure 4: Linear control pattern proposed

Figure 5: Mermoz aircraft: ASWING configuration

model function of ASWING with a full 3D spatio tempo-
ral Von Karman turbulence model based on the adaptation
to UAV work of []. The figure 8 clearly show that the control
does not satisfy the energy harvesting objectives no matter
the dynamic of the actuator. One must consequently seek for
a better and more robust control law to fullfill the objective
for an extended gust bandwith.

5 CONCLUSION

This article has presented a methodology to modify
ASWING source code so that control laws with internal dy-
namics commonly used by the control theory community can
be implemented. One has presented the different algorithms
used in ASWING and the proper modifications that have to
be made to fulfill this objective. Some theoretical results
have been recalled for a better understanding of the method-
ology. Moreover, one has to make sure that the modifica-
tions brought do not lead to an added stiffness on the dif-
ferential equations leading to the solver divergence. Finally,
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the modification has been illustrated with 2 examples to have
a quick partial view of the modification. From this modifica-
tion, the users can use this methodology to quickly implement
and benchmark sophisticated bi-scheduled controls law such
for example Linear quadratic Gaussian, H, / H2, Guardian
mapping, Fractional order controller, panalysis. He can also
investigate sensors and actuators’ saturations effects and im-
plement anti-wind-up and or observers. Sensors noises can
also be taken into account for robustness study to stochas-
tic environment. Future works aims at providing a “’craftable
fyable aircraft” design tool which respects ASWING theoret-
ical background for automatic and parametric design of UAVs
based on modern crafting technics
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Figure 6: Effect of first order dynamic on actuators
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ABSTRACT

Drones are commonly used for many civil appli-
cations and the procedures to operate them have
evolved during the past years to make them ac-
cessible to those with limited piloting skills in
several scenarios. However, the deployment of a
fleet in the context of scientific research can lead
to complex situations that require an important
preparation in terms of logistics, permission to
fly from authorities, and coordination during the
flights. This paper is a field report of the flight
campaign held end of January 2020 at the Bar-
bados Island as part of the NEPHELAE project.
The main objectives of the project were to fly
into trade wind cumulus clouds to understand the
microphysical processes involved in their evolu-
tion, as well as to provide a proof of concept of
sensor-based adaptive navigation patterns to op-
timize the data collection. After presenting the
overall flight strategy and the context of oper-
ation, the main challenges and the solutions to
address them will be presented, to conclude with
the evaluation of some technical evolution devel-
oped from these experiments.

1 INTRODUCTION

Drones are commonly used for many civil applications
and the procedures to operate them have evolved during the
past decade to make them accessible to those with limited pi-
loting skills in myriad scenarios. However, the deployment of
a fleet in the context of scientific research can lead to complex
situations that require an important preparation in terms of lo-
gistics, permit to fly from authorities and coordination during
the flights. This paper is a field report of the flight campaign
held end of January 2020 at the Barbados Island as part of the
NEPHELAE project.

The context and main goal of the project are detailed in
section 2. After presenting some of the preparation and logis-
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tic constraints, the overall flight strategy, its challenges and
the solutions to address them will be presented. To conclude a
summary of the flights will be provided with the evaluation of
some technical evolution developed from these experiments.

2 CONTEXT

The purpose of the NEPHELAE project is to develop and
deploy a fleet of autonomous drones to collect data within
and around cumulus clouds. The final objective for the at-
mospheric scientists at the Centre National de Recherches
Meétérologiques (CNRM) that are leading the project is to bet-
ter understand the mixing processes during the evolution of
these clouds. The main region of interest for these observa-
tions is the border of the cloud that needs to be sampled at the
frontier between the open air and the water-saturated region.
Several publications have already described the flight patterns
specifically designed for this task [1, 2] and showed the ad-
vantage of these strategies in cloud exploration in a simulated
cumulus field [3, 4].

As a summary, the general idea is to use the real-time
data from the on-board sensors to decide whether or not the
plane is inside the cloud or not. Based on this decision and
the general flight strategy (border exploration, border+center
exploration, ...) a sequence of arcs and straight lines is per-
formed. Figure 1 presents the area of interest and some of the
possible flight patterns.

The key element of this project is the operation of sev-
eral drones at the same time with several objectives: increase
the spatial and temporal sampling resolution by deploying a
network of sensors, extend the observational footprint of the
in-situ observations using advanced mapping techniques, and
perform synchronized measurements of the same volume at
different locations to estimate the transport of water and heat
inside and surrounding the cloud.

Finding the right location to carry out the flights is already
a challenge. The target clouds are trade wind cumuli, which
means that the flights will be over the sea and in the trop-
ics. The prevailing winds average 8 m/s and it is required to
follow the same cloud as long as possible (the life-time of a
cloud is around 20 to 30 minutes), it means that the flight
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cLoun's core 4

Figure 1: Cloud interest zones (illustration and design by
Sarah Gluschitz)

area has to be large enough, and the flight ceiling at least
1500 to 2000 meters above sea level (ASL). Several places
have been considered, and visited by a team member prior to
the mission, depending of their weather, accessibility, local
regulation, etc.

We finally had the opportunity to participate to an inter-
national flight campaign, called EUREC4A [5, 6], at the be-
ginning of 2020 on the island of Barbados. This campaign
already involved boats, piloted planes and two other types of
drones. It is important to note that UAV flights are strictly
forbidden by Barbados authorities, except where specifically
allowed in the context of this scientific mission, as long as
the drones have permit to fly from authorities from their own
country. Since the selected location for drones was the same
for all teams, the airspace had to be shared.

The next sections details the flight operation and the re-
quired preparation and logistics for a long mission abroad.

3 PREPARATION AND LOGISTICS

The selection of the flight location was complex as sev-
eral factors had to be considered. The first constraint was to
be located on the east coast as the prevailing wind is blow-
ing west from the ocean and the goal is to catch the clouds
before they reach the island. The international airport is lo-
cated at the south end of the island, which means that our
flight area should be north to avoid conflicts with the planes
during their initial climb. Finally, for fixed-wing operations
the field should be flat, far enough from populated area and
void of surrounding obstacles. None of the three possible
spots perfectly matched all the criteria, but the one called
Morgan Lewis (see figure 2) was the best option with a long
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field well-oriented toward the sea and with few obstacles, ex-
cept for hills on the side and a downward slope that made the
automatic landing impossible. The landings were finally all
performed by the safety pilot.
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Figure 2: Map of Barbados Island with flight location at
Morgan Lewis, Barbados Cloud Observatory (BCO) and
Bridgetown Airport (BGI)

A total of 10 people (researchers, engineers, PhD stu-
dents) took part of the mission for a duration between 1 week
to almost 4 weeks. The planes, ground equipment and com-
puters, scientific sensors and batteries were sent two months
in advance by ship. Containers served as the base station for
operation and storage as seen in the figure 3.

Figure 3: View of the temporary operation center and storage

4 FLIGHT OPERATION STRATEGY

The flight operation strategy has been defined during the
preparation time before the mission to take into account the
needs and the maturity of the technology being deployed. The
details of the overall software architecture and the algorithms
can be found in [1]. As a summary, during a typical flight five
operators were working together each with a specific role:
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- The atmospheric scientist is monitoring the real time
sensor values collected by the UAVs. When he esti-
mates that a UAV is crossing a cloud worth sampling,
he requests to deploy a specific pattern to the map-
maker operator. He is also in charge of the regional
weather forecast and near real-time satellite images to
determine if clouds are coming within the next hour.

- The mapmaker operator is checking the real-time map-
ping process based on Gaussian Process Regression.
Once he receives new instruction from the atmospheric
scientist, he creates a new mission element with the de-
sired parameters.

- The UAV operator is controlling the flights from the
Ground Control Station (GCS). In particular, he is in
charge of take-off, landing and waiting procedures, as
well as the general safety of the flights.

- The flight director is the coordinator of the three other
operators. He is checking the created mission and will
decide if they should be accepted or rejected. He is
also in charge of the coordination with the other teams
sharing the airspace and is the point of contact for the
local Air Traffic Control.

- The safety pilot is outside with the remote control and
is handling the planes. He can take back the control
when flying in line-of-sight and is piloting for the very
last part of the landing.

Figure 4 shows the operation center with a display for the
atmospheric scientist to confirm cloud detection (left), the op-
erator in charge of the real-time mapping system (center), and
the UAV operator (right). The safety pilot remained outside
during take-off and landing operation, and the flight director
stands behind the other operators to have a global view of the
flight operations.

Figure 4: Operation center with from the left: atmospheric
data and mapping display, map operator and UAV operator

The role of the safety pilot is always to guarantee the

safety of the operations during critical phases (take-off and
landing, flight near populated area, ...). When dealing with
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several aircraft, the problem is even more complex. The pre-
campaign configuration of the Paparazzi UAV is that each
drone has a dedicated pilot and remote control receiver (RC).
However, considering the initial goal of the project to have up
to 4 or 5 UAVs at the same time, it was not a viable option
as the number of qualified safety pilots would not have been
sufficient. In addition, previous experiences have shown that
the risk of mixing the RC transmitters is real and has lead to
catastrophic situations. The solution that has been selected
for this project was to use a single safety pilot with only one
controller. All planes were bonded to the same RC and a spe-
cial software tool was developed for the UAV operator to se-
lect which plane is being controlled at a particular time. This
does not go without risks — if a plane is selected in the wrong
mode, it might enter to a safety mode and go back home. To
reduce this risk, the RC selector was also checking the status
of the autopilot (flight and RC mode) to decide if the selection
of a particular UAV is valid or not.

S DEPLOYMENT AND PRACTICAL CONSTRAINTS

5.1 Airframe and ground equipment

The requirements for the plane to be used for the
NEPHELAE project were particularly hard to meet. A proto-
type of custom aircraft had been designed [7], conforming to
the requirements in terms of flight performances (flight speed
and time, altitude and range, payload capacity). However, the
result of the high-performance design was a UAV that was
too fragile and complex to operate in a scientific field exper-
iment, without proper facilities for maintenance and repairs.
The decision was finally made to used commercial foam air-
frame, called X6, modified to integrate the scientific payload
as seen in figure 5. They have been used in previous missions
[8, 9, 10] and proven to be robust and easy to repair.

The main impact was a limited flight time of 1 hour (plus
10 minutes for margins) instead of more than 2 hours for the
custom design.

The post-campaign analysis and further flight testing have
shown that it was a good decision to give the priority to
the robustness of the aircraft as the repeated landings and
occasional mishaps would have put the 3D-printed high-
performance planes beyond repair. The flight time was in-
deed a limitation but was still compatible with the allowed
airspace dimensions. A better integration of the batteries, sen-
sors , flight controller, optimized flight performance (cruise
airspeed, climb rates, etc,) would have allowed to increase
this flight time to 1.5 hours. In addition, a cloud-targeting sys-
tem would also reduce the time required to intercept a cloud
— allowing more time for the scientific part of the mission.

In total, 4 planes were available, but only 3 flew, with at
most 2 planes at the same time. This was much less than the
initial plan, involving up to 4 or 5 planes. Several reasons can
be found. One was that the time to operate the drones on the
ground, with a bungee launch is quite long, as well as the time
to reach the altitude and position to start tracking the clouds.
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Figure 5: Skywalker X6 with integrated sensor for cloud de-
tection and measurements, details in [8, 9]

Using more than 2 planes would have resulted in a very short
time of effective simultaneous cloud exploration. One of the
main issues was that the automatic, or at least assisted, task
allocation algorithm had not been sufficiently developed prior
to the experiment in Barbados. Priority had been given to the
real-time cartography and adaptive flight patterns. As a result,
the burden for conflict avoidance and synchronization was left
on the shoulder of the UAV operator, in addition to the usual
flight parameter monitoring. Conducting the ensemble of the
missions requires training and experienced UAV operators in
conjunction with a safety pilot, especially for the take-off and
landing phases of the mission.

Concerning communications, the 2.4GHz long range
modems P2400 from Microhard have been tested and proven
themselves to be reliable, with a constant data flow up to
14km from the base station (equipped with a directed antenna
and set to the maximum power).

5.2 Flight plan

The flight space has been organized as shown in Figure 6.
The red trapezoidal zone is the allowed flight area, defined
with the Barbadian Civil Aviation Authorities. This flight
zone is trapezoidal to account for variability in the prevail-
ing wind, and also inhibits the UAV from exiting the flight
zone in case of a Return to HOME procedure. The flight ceil-
ing was limited to 1000 m ASL because our airspace was
below the approach zone for the international airport (BGI).
On several occasions, a 2000 m ASL ceiling was requested
on a per-use basis and only in the afternoon. The maximum
allowed distance from the GCS (pink arc) is 15 km.

The Green area (figure 6) is the normal operation area
inside which adaptive navigation patterns were used based on
the ground operator’s instructions. If a plane deviated from
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this area while tracking a cloud, it was automatically assigned
to a standby safe position close to the sea shore. Finally, the
orange rectangle represents the flight airspace used by a team
from the University of Colorado to fly a small drone below
the cloud base [11].

Since we are flying inside clouds, therefore above cloud
base, it is possible to fly together, but with great care. In
general, this space was avoided when the two teams were op-
erating simultaneously . Another large drone (4m wing span,
25 kg; BOREAL SAS, Toulouse, France) was operated from
the same field for long distance missions. All operations with
light drones where forbidden during takeoff and landing of
this drone.

Figure 6: Flight zones: limit of the allowed area (red), nor-
mal operation area (green), shared airspace with another team
(orange)

Figure 7 presents the steps in a typical flight:
Step E1 Take off, initial climb and waiting on a circle.

Step E2 Go to a climb point above the sea and reach the fi-
nal altitude, defined by the altitude of cloud base and
the objectives of the flight. Cloud base had been deter-
mined prior to the mission using real-time observations
from remote sensing instruments at the Barbados Cloud
Observatory (BCO). Flight altitudes were at least 100
m above cloud base.

Step E3 Reaching the eastern end of the flight zone at fi-
nal altitude. During this time, the cloud sensor offset
is computed from background noise outside of clouds.
When reaching the search zone, the planes are perform-
ing hippodromes (10 to 14 km from the GCS) perpen-
dicular to the prevailing wind until a cloud is detected
or mission is aborted.

Step E4 When a cloud is detected, the adaptive flight pat-
terns are activated to track the cloud and achieve the
required measurements.

Step EF The final step is the descent to waiting circle and
landing under the supervision of the safety pilot.

In this example (Figure 7), two planes have been deployed at
the same time, at two different altitudes (50 meters of vertical
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separation). Only the yellow plane was able to catch and track
a cloud. The second plane was too far to join the first one and
went back home directly. While only one UAV tracked the
cloud during this mission, there were two missions during
which both UAVs tracked the same cloud simultaneously.

Figure 7: The different steps a typical mission

5.3 Improvements and corrections

Despite several preparation flights before the actual cam-
paign, it was not possible to anticipate all the possible issues.
Ideally, the entire system including the sensors, adaptive sam-
pling strategies and mapping software would have been tested
in marine clouds near the coast of France prior to deployment
in Barbados; however, delays in the fabrication and instru-
mentation of the UAVs, as well as necessary changes in the
adaptive sampling strategy and difficulties in securing an au-
thorized airspace rendered a complete demonstration of the
system prior to the experiment impossible. Consequently,
several modifications to the setup in the field were needed
to improve the safety and efficiency of the flight.

One of the unforeseen issues to solve concerned the real-
time interpretation of the data from the cloud sensor. While
the cloud sensor had been used in prior field experiments [8],
it had not been possible to test the sensor in conjunction with
the adaptive sampling strategy prior to the experiment in Bar-
bados. For example, the signal is sensitive to the input volt-
age, which also varied with the throttle commanded by the au-
topilot — the inline voltage regulators were insufficient for this
application of the cloud sensor and hardware modifications
were not technically possible. During the turns, the autopi-
lot increased the throttle to maintain the prescribed altitude
and created artificial peaks in the cloud sensor. It was antic-
ipated that both a hysteresis filter and low-pass filter would
be needed to correctly detect the cloud edge. However, the
correlation with motor power consumption made the sensor
more challenging to use during the adaptive sampling phase
of the mission. Correction factors proportional to the battery
voltage have then been added during the mission. Several cal-
ibration flights were needed to achieve a proper calibration,
delaying the schedule for scientific operations.

Another issue not previously anticipated was the loca-
tion of the cloud sensor, which initially pointed horizontally
out the side of the fuselage. During previous experiments,
anomalies related to direct sunlight on the cloud sensor could
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easily be removed in post-processing. However, during the
flight campaign in Barbados, direct sunlight on the cloud sen-
sor also interfered with the adaptive sampling. Fortunately,
the foam structure allowed to move the sensor to look 45 de-
grees down as seen in Figure 5 and no further issues were
reported.

In addition, several flights have been interrupted or even
resulted in a mishap due to bad GPS reception. To mitigate
this issue, the GPS receiver was moved outside of the fuselage
on an metallic sheet connected to the battery ground wire.
Tape was used to protect the electronic from humidity and
water droplets while sampling inside the clouds.

Finally, the transition from the open ocean to the hilly
terrain generated turbulent structures that caused the UAV's to
stall during landing procedures. After around a dozen flights,
we settled on a landing corridor that seems to generate less
turbulence and increased the airspeed to penetrate the areas
that were turbulent. The safety pilots also initiated the landing
procedures prior to turning for the final approach.

6 SUMMARY AND IMPROVEMENTS FOR FUTURE
OPERATIONS

6.1 Flights summary

Table 1: Summary table of the flights during the experimental
Barbados flight campaign

N‘;?b}irs of 11 48 | 22 flights realized with two
g UAVs
Data 45 Flight time average around 53
recorded hours . .
minutes per flight
Caililfrliltt;on 23 Cloud sensor and UAV calibra-
& tion, validation of the flight pat-
tern
Measurement, .
. 25 Vertical profile and cloud track-
flights . .
ing mission
Viable
scientific 18 Autonomous tracking of a cloud
flights during more than 2 minutes. Av-
erage following time around 5
minutes per tracking.

Table 1 presents a summary of the flights during the Bar-
bados campaign. Each ‘flight* refers to a complete operation
involving one or more drones at the same time. The only at-
tempt to fly with three drones was aborted due to the unsafe
behavior of one of the planes.

The first remark is that the number of -calibra-
tion/validation flights comprised nearly half of the total num-
ber of flights. As stated previously, complete testing of the
system including the sensors, adaptive sampling strategies
and mapping software in real clouds could not be done before
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the experiment, and a number of issues had to be addressed
once operations began in the field.

The second point is that only 18 flights were able to track
a cloud for more than 5 minutes. As there were no dedi-
cated cloud targeting systems implemented during this cam-
paign, the UAVs orbited in a hippodrome pattern perpendic-
ular to the prevailing wind up to 10 km from the GCS until
intercepting a cloud by chance and start the tracking. For-
tunately, the altitude of cloud base was well identified using
remote sensing information from BCO. Nonetheless, a spe-
cial device, called AllSky, with two cameras a few hundreds
of meters apart could have provided the initial position of the
clouds [12] allowing multiple UAVs to immediately intercept
the cloud and start the scientific mission.

Some flights have also aborted after loosing the track of
the cloud as the environment is very dynamic at the border of
the cloud. When trying to turn back inside the cloud, if the
shape is too different from the previous turn, the plane may
continue on its circle without reentering the cloud again.

Out of the 18 usable flights, 6 were used to process mean-
ingful data to build diagrams about the exchange of heat and
water between the cloud and the surrounding atmosphere.
This includes a flight with 2 drones tracking the same cloud
with the adaptive patterns designed for the project. Given
that cloud cover is usually less than 10 percent, the fact that
we could track any clouds at all is quite an accomplishment.

6.2 Lessons learned and possible improvements

The NEPHELAE flight campaign was ultimately a suc-
cess as we managed to deploy several drones, with novel
adaptive flight patterns to autonomously track clouds for the
first time and gather scientific data, which are being ex-
ploited to improve the understanding of entrainment mixing
and cloud evolution. However, several points could be im-
proved and lessons learned form the difficulties faced during
the project.

The first one is that the robustness of the plane and the
possibility to repair in the field is extremely important, even
more than adhering to flight performance objectives. In the
case of optimizing the airframe design for NEPHELAE, ac-
counting for desirable conditions in term of flight time, air-
speed and payload capacity, led to an interesting prototype,
but unable to operate in field campaign conditions. An other
aspect of the robustness is the quality of the electronic boards
integration, both for payload and autopilot, which is particu-
larly important when conducting a field experiment where the
salt from the sea spray corrodes electrical components. The
malfunctions with the GPS receivers and some issues with
the cloud sensor were related to insufficient voltage regula-
tion, corrosion or damaged cabling.

The second issue to mention is the robustness of the au-
tonomous navigation patterns, which should be able to re-
cover and continue the adaptive sampling after losing track
of a cloud. This issue has been addressed after the campaign
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and validated with hybrid flights (real planes flying in sim-
ulated clouds) at the Centre de Recherches Atmosphériques
(Lannemezan, France). After running the planes in different
scenarios, they were able to relocate the border and continue
the exploration.

In one occasion, the use of the RC switching mechanism
to fly multiple aircraft from the same transmitter almost led to
a mishap, because the UAV operator selected a plane already
flying in autonomous navigation while the safety pilot RC
was on manual position. Fortunately, the plane was in line-
of-sight of the safety pilot who managed to stabilize the flight
before switching the UAV back to autonomous flight. Since
the GCS tool for plane selection does not have direct feedback
from the RC (except through the status of the plane), the only
way to prevent a repeat of this situation is by ensuring proper
dialog between the UAV operator and safety pilot to assess
the currently selected mode on the RC before switching.

As discussed earlier, a dedicated cloud targeting system
would have reduced the time needed to intercept the clouds
and begin the scientific part of the mission. An integrated
cloud targeting would guide the UAVs automatically and
could have been accomplished with onboard cameras or by
deploying a ground-based system such as the AllSky system.

Finally, the last point that needs improvement is the au-
tomatic task allocation in order to deploy a larger fleet. The
workload on the different operators is already high and sev-
eral tasks should be automated. This includes improvements
to take-off procedures, assistance for collision avoidance and
the possibility to assign high level goals to the fleet, leading
to less manipulation by the UAV operator and safety pilot.

7 CONCLUSION

Within the NEPHELAE project, an atmospheric science
driven study, a dedicated architecture has been developed to
operated multiple drones during an international field cam-
paign to follow the evolution of clouds. In addition to the
usual technical challenges to fly beyond visual line-of-sight
up to 14 km from the GCS and at relatively high altitude,
many operational constraints had to be addressed. The over-
all campaign was a success considering the number of flights,
and the value of scientific results that have been extracted
from them. Nonetheless, several difficulties were encoun-
tered during the mission and the lessons learned will be con-
sidered for future projects. Notably, some key elements of the
original architecture could not be developed in time, particu-
larly, task planning and a cloud targeting system, which are
the main focus of future work. Preliminary scientific results
can be found in [4].
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Developing a modular tool to simulate regeneration
power potential using orographic wind-hovering UAVs
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ABSTRACT

Applications of Unmanned Aerial Vehicles
(UAV5s) are often limited by flight endurance. To
address the limitation of endurance, we propose
a regenerative soaring method in this paper. The
atmospheric energy from updraft generated by
obstacles such as hills and ships can be harvested
by UAVs using a regenerative electric drivetrain.
With fixed-wing aircraft, the vehicle can hover
with specific wind condition, and the battery can
be recharged in the air while wind hovering. In
order to research the feasibility of this regen-
erative soaring method, we present a model to
estimate hovering locations and the amount of
extractable power using the proposed method.
The resulting modular regeneration simulation
tool can efficiently determine the possible hov-
ering locations and provide an estimate of the
power regeneration potential for each hovering
location, given the UAVs aerodynamic charac-
teristics and wind-field conditions.

1 INTRODUCTION

UAVs are performing more and more diverse missions
every year, but are often limited by the maximum achiev-
able endurance and/or range. Using the principle of oro-
graphic soaring to extend the range and endurance of UAVs
has already been extensively researched, often based on tech-
niques used by various bird species that have been observed
[1, 2, 3]. However, conventional orographic soaring tech-
niques do have some limitations that limit their usability in
certain environments and conditions.

With traditional soaring method, the only energy-storage
mediums are the potential energy (altitude) and kinetic en-
ergy (airspeed) of the aircraft. The associated aircraft state
variables, altitude & airspeed, are often desired to stay con-
stant to be able to take advantage of the favourable conditions
to gain energy from the atmosphere [4]. A great example
of this is when one is, for instance, soaring upwind along a
ridge to try to take advantage of the updrafts it generates. It
is possible to store the gained energy in the form of altitude,
but the higher the altitude, the weaker the updrafts are from

*Email address(es): midasgossye@gmail.com, S.Hwang-1@tudelft.nl,
B.D.W.Remes @tudelft.nl
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the obstacle. At a certain altitude, the updrafts become so
weak that the glider is barely able to maintain altitude with-
out losing airspeed. Once this “ceiling altitude” is reached,
it is not possible to store any more energy. It is possible to
trade the potential energy for kinetic energy, and dive back
down to the original altitude while gaining airspeed. The air-
craft is now positioned once again in a region with stronger
updrafts. However, due to the increased airspeed, the glider
has a higher sink-speed which may render it unable to gain
energy from the updrafts anymore.

Regenerative soaring introduces another energy storage
medium to store harvested energy from the environment. The
regenerative soaring method was first proposed by Paul Mac-
Cready already back in 1998 [5]. Instead of having to change
the altitude and/or airspeed to be able to store energy, an on-
board energy accumulator in the form of a rechargeable bat-
tery can harvest the energy through the use of a regenerative
drivetrain. This means that the aircraft can stay positioned
in the altitude region where the most favourable updrafts are
present, and keep its optimum airspeed.

One problem with the suggested regenerative orographic
soaring methods is that a long ridge or hill range is required
to take advantage of this, such that the aircraft can fly straight
along the ridge in the most favourable updraft regions for an
extended period of time. It would be beneficial if small UAVs
could also use the updrafts present around smaller, single ob-
jects such as a small hill, a building or a ship on the open
sea. This could be achieved by altering the orographic regen-
erative soaring methods by applying a technique called wind
hovering or static hovering.

Achieving static hovering while using the orographic
soaring method (called wind hovering) is a topic that was
found to only be covered by a very small amount of research.

Fisher [1] introduced the concept of a feasible soaring
region”, a spatial region inside a wind-field where wind hov-
ering is possible for a given wind-speed. A point in the wind-
field is deemed feasible for wind hovering if the local verti-
cal wind component/updraft velocity is larger or equal than
the minimum sink speed of the aircraft when flying at zero
ground speed in the wind field. In their paper, the feasibil-
ity of having a fixed-wing UAV autonomously hover in the
updraft region of a hill and a building was investigated. The
paper concluded with the experimental results proving that
a small UAV can indeed apply wind-hovering techniques to
statically hover in the favourable updraft region.

The remainder of this paper is structured as follows: Sec-
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tion 2 introduces the wind field estimation method, Section
3 describes how to calculate extractable power generated by
the wind field, Section 4 presents how the feasible soaring lo-
cations and generated power at each location are determined.
Finally, Section 5 gives a summary and further discussions.

2  WIND-FIELD ESTIMATION

To be able to determine the power available in the wind-
field, it is first vital to have a good understanding of the wind-
field. To achieve this, a wind-field estimation tool is required
that can simulate the flow around various simple obstacles.
The following subsections will describe what methods are
available to achieve this and how the wind-field estimation
program was implemented.

2.1 Methods

There exist numerous methods to estimate the behaviour
of air around obstacles, greatly varying in complexity and re-
quired computational power. The most common choice lately
has been to use a complex Computational Fluid Dynamics
(CFD) simulation package like ANSYS fluent, openFOAM,
etc. The CFD simulations performed with these packages re-
quire a large amount of computational power and are very
complex to set-up. It was opted to first search for another
method as a basis of the wind-field estimator. Langelaan used
a simplified potential flow method to find the wind field up-
wind of an idealised circular shaped hill [6] to gain a better
understanding of the general behaviour of the wind-field and
to estimate the ideal location relative to the circular hill for
ridge soaring. This methodology sparked the idea to use po-
tential flow theory to estimate the flow field present upwind
of the hill.

2.2 Potential flow estimator

The standard potential flow equations describing the ide-
alised flow around circular and oval shaped obstructions were
used as a basis.

The equations used to determine the flow-field are listed
below, with U, being the free-stream velocity, R the radius
of the circular hill and r the distance between the aircraft and
the centre of the hill. § represents the angle between the hor-
izontal axes and the radial of the aircraft:

2
Uy = [1—R—2} Uso cos @ (D
r
2
Uy = — [1 + R—Q} Usosinf 2)
T

Transforming the polar velocity components into carte-
sian velocity components results in the following velocity
functions for the x and y components:
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Figure 1: Potential flow field around cylinder
Uy = cos O - u, —sinb - ug 3)
Uy = sin 6 - u, + cosf - ug 4)
with 6 = arctan ¥ 5)
x

Another set of equations for oval shaped hills can also be
selected, which correspond to the equations representing the
flow-field over a rankine oval [7]:

Tatag =@~ - =0 (6)
U
< m= T( ?tag - a2) (7
m r+a r—a
i) = Vst 5 | e )
(3

( )_my 1 1
W T [Grar T @ a1y

] ©)

Where the x-coordinate of the stagnation point x4,y and
the x-coordinate of the focal point a determine the geometry
of the oval shaped hill.

These equations were then altered with a simplified
boundary/shear layer model equation to include an estimate
of the Atmospheric Boundary Layer.

Equation 10 shows the used model that alters the vertical
wind-speed distribution with a logarithmic function to try to
estimate the Atmospheric Boundary Layer.

One problem arises by using this simple model to estimate
the varying wind speeds in the boundary layer, the function
is only able to estimate the boundary layer effects to the hori-
zontal wind-speed over flat terrain. It has been proven though
that the log wind-profile can produce accurate results even
above non-flat terrain [8] in certain circumstances at higher
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altitudes above the obstacle. The log wall function can cer-
tainly be applied to the regions of the flow that are not greatly
affected by the presence of the hill (mainly upwind of the
hill-side). The proposed boundary layer model will however
most likely not predict the boundary layer effects close to the
hill surface. It was still opted to use this model for the entire
hill region since the resulting flow patterns are more closely
resembling real-life wind conditions where the flow velocity
decreases close to the surface due to friction. If more accurate
flow behaviour needs to be predicted close to the surface of
the hill, a CFD simulation including models for laminar and
turbulent boundary layer behaviour would be more applica-
ble.

u(ze) = u(z1)—12 EEZ : Z;ZS;

3 POWER CONTOURS

(10)

Now that a wind field estimate is available around dif-
ferently sized obstacles, it is time to determine the feasible
power that can be extracted at each point.

Before going into the details of the ability of the UAV to
perform wind hovering at each location, it is helpful to first
estimate the theoretical maximum power that can be extracted
at each location assuming the UAV can maintain to hover at
that location indefinitely. In this case, the energy harvesting
UAV can essentially be modelled as a Horizontal Axis Wind
Turbine (HAWT) where the upstream wind velocity is equal
to the total wind velocity at the location of the UAV in the
wind field. This is not totally accurate, since this assumes that
the upstream wind velocity is constant along the axis of the
propeller, but since the propeller dimensions of small UAV
are at least an order of magnitude smaller than the obstacle
dimensions it can be assumed that this will only have a very
minor effect.

To be able to determine the theoretical maximum power
that a HAWT can extract from the wind stream, it is evident
to first have a closer look into the so called Betz law:

3.1 Betz law

One of the most famous theories concerning wind turbine
theory is the Betz law (also called Betz condition or limit).

Simply put, it states that even an ideal wind turbine that
contains no centre hub and has an infinite number of blades
that cause no additional drag (e.g. skin friction drag) can
only extract roughly 59 % of the power available in the wind
stream [9]. For power to be continuously be able to be ex-
tracted, it is evident that a continuous mass flow of air must
pass through the propeller/turbine disc. For this to occur, both
the incoming and outgoing flow must have a positive flow ve-
locity. If, hypothetically, the turbine was able to extract all
of the available energy from the incoming flow, the flow past
the disc area should have a velocity of zero (otherwise there
would still be unextracted energy present). Having a zero
fluid flow velocity at the exit of the turbine, directly means
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that no mass flow can be present, so no power can be ex-
tracted at these conditions.

Using the continuity equation, Euler’s theorem and ki-
netic energy equations the following ideal power limit fol-
lowing the Betz law can be derived [9]:

161
272

This first estimate for the maximum theoretical power can
be used as a basis to generate the power contours for the wind

field. The following assumptions have to be kept in mind
though:

Pideal = pSturbVagL‘r (11)

¢ The wind turbine is assumed to not have a hub, the en-
tire disc area region only contains blades

* It has an infinite number of blades that cause no addi-
tional drag (e.g. skin friction drag, induced drag due to
tip vortices)

e The incoming flow is assumed to be constant, laminar
and axial to the wind turbine axis

* No swirl is generated, the outgoing flow is also flowing
axial to the wind turbine axis

 The air is considered to be an incompressible fluid

3.2 Using Betz law to generate potential power contours

Figure 2 shows the ideal maximum power at every loca-
tion in the wind field that could be extracted from a 15 ms~!
free-stream velocity over a circular hill section with a radius
of 50 m for a wind-turbine with a rotor disc area of 0.1 m?. It
basically represents the absolute ideal maximum power that
a regenerating UAV could achieve at every point in the wind
field if static hovering can be achieved at that point and if the
turbine can operate at its maximum power operating point,
which will obviously not be the case for the majority of the
wind field.

It is logical that the highest ideal power estimates are
located directly above the hill since this is where the wind
speeds are the highest (for the idealised potential flow case).
It can be seen however that close to the surface of the hill the
power figure is lower since this region has a lower velocity
due to the added boundary layer wall function.

4 DETERMINING HOVERING LOCATIONS & POWER
GENERATION POTENTIAL

Now that the absolute maximum theoretical power that
can be extracted at each point in the wind field is known, the
next step is to determine if the UAV can actually hover at that
location, and if so, what power fraction should be extracted
from the turbine to generate the required drag equalising the
“thrust” generated by gravity, to enable the hovering to be
stable?
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Potentligtljflow field for circular hill section [Radius = 50.0 m] [V = 15.0 m/s]
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Figure 2: Ideal power contour plot fora 15m s~ free-stream
velocity over a circular hill section with a radius of 50 m for
a rotor disc area of 0.1 m?

To be able to answer this question, the equations govern-
ing the longitudinal flight dynamics of a hovering UAV needs
to be studied.

4.1 Longitudinal hovering flight dynamics

The following equations (Equations 12, 13 and 14) ex-
press the system of differential equations for longitudinal
flight dynamics (following from the FBD given in Figure 3),

including a non-zero wind, in the air-path reference system
[10]:

.. Wind

Figure 3: FBD Air path reference system longitudinal flight
dynamics (courtesy of Langelaan [10])

T—-D—-Wsiny = K (V(m + Uy COSY — Uy sinfy)
g
(12)
—L+ Wecosy = ? (—V(m'y + Uy siny + U, cos 'y)
(13)
M =4I, (14)
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The equilibrium equations governing the balance of
forces required for a UAV to hover in a steady state can be
easily derived by setting the time derivative of the airspeed
and both wind speed components (horizontal and vertical) to
zero. The thrust force is also replaced with a (negative) tur-
bine drag force which will represent the additional variable
drag generated by propeller/motor drivetrain that can act as a
turbine. To avoid possible confusions between the total drag
force (encompassing both the aircraft and turbine drag forces)
and the drag force purely generated due to the aerodynamic
properties of the aircraft, the symbol D which represented the
latter was replaced by D 4¢. Lastly, it is assumed that all of
the forces acting on the aircraft are acting at the CG, mean-
ing no moments are generated. The simplifications and alter-
ations are shown below in Equations 15 and 16. An altered
FBD which reflects the changes and simplifications made is
shown in Figure 4.

_Dturb

T~ Dac —Wsiny = % (%E%'c%sv —Jz{'s(i)n7>
15)
—L+ Wcosy = % <—M~E}%@?ﬂ7 +%C(3)S’y>
(16)

This results in the following system of equations:

a7)

{—Dturb — Do — Wsinvy

—L 4+ W cosvy

~Wind

Figure 4: FBD Air path reference system longitudinal hover-
ing flight dynamics

4.2 Estimating turbine drag

Assuming that the turbine behaves as an ideal wind tur-
bine as discussed in Subsection 3.1, it can be assumed that the
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wind only exerts a net axial force on the rotor. This means the
useful power that the wind turbine extracts can be written as
the product of this axial force (Dy,,) and the air velocity at
the rotor disc/turbine (Viyrs): Piurs = Diwrd - Viurp. Further-
more, when the rotor is operating at the theoretical maximum
efficiency conditions Betz proved that the air velocity at the
rotor disc/turbine must be equal to two thirds of the incoming
air velocity [9]. Using these equations and observations, it is
possible to derive a simple expression for the estimated drag
produced by an ideal turbine which is shown below:

161
)2 =__ 3
ideal 27 2pSturmer (18)
Pi ea.
Diurt = ﬁ (19)
2
‘/turb = gvair (20)
Substituting Equation 20 in Equation 19:
Pideal
D urb = (21)
' %Vair

Finally. substituting Equation 21 in Equation 18 results in
an equation expressing the estimated turbine drag (Dyqp) in
terms of incoming airspeed (V,;,-) and rotor disc area (Sgq.p):

12
Dturb = §§psturbva2ir (22)

Figure 5: Ideal wind turbine diagram

4.3 Finding the required lift and drag coefficients for hov-
ering

Now that both the systems of equations describing the
force equilibrium during hovering flight and an estimate for
the turbine drag are found, it is possible to derive a set of
equations that determine the required lift and drag coefficients
to enable static hovering.

Following from the system of equations that describes the
force equilibrium during hovering flight derived in Subsec-
tion 4.1 (Equation 17), the required lift and drag terms can be
expressed as follows:

{L = W cos~y

. (23)
Dy + Dac = —Wsinvy
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Rewriting this system of equations in terms of the lift and
drag coefficients results in the following system:

= W cos~y
= —Wsinvy
(24)

1 2

EpvairSCLhovm-

12 2 1,2

2 §pSturbVair + §pVai7‘SCD7AChover

Dividing both sides by %pV2 S:

air

C =
{ e Tove,s 87 (25)

2 Sturb _ :
9 §7 + CD’AC’LO’Ue’I‘ - S Sln’y

W
3PVZ

The resulting non-dimensionalised contribution of the tur-
bine to balance the horizontal force equilibrium (the bottom
row of Equation 25), %%, can be thought of being the
maximum achievable drag coefficient of the turbine, since
multiplying this figure by % pV2,S results in the ideal max-
imum drag caused by the turbine. Setting Cp,,,, = %%S&ﬂ
results in the following system of equations:

_ w

CLhoruw - %priTS cosy (26)
- W 4

CDuurs + CD,AC e, = ~Tov7 5810

Next, the sine and cosine of the flight path angle () can
be substituted with the fractions ‘er and ‘er respectively.
This can be done because the velocity of the UAV with re-
spect to the inertial reference frame is assumed to be zero
during stable hovering. This means that the airspeed vec-
tors magnitude and direction is purely determined by the local

wind speed vectors (see Figure 4).

- W up
CL}mvcr T 3pV2,S Vair (27)
Cpyu +C = oy
Dyiwrp D7AC’LO’U8’V' %pVﬁiT,S Vair

Finally, if the lift-drag polar can be estimated using the
following standard equation relating the drag and lift coeffi-
cient to each other:

Ct

Cp,ac =Cp, + e (28)

And substituting this equation in Equation 27:

_ w Uz
CL}Lovc'r - %pVa?iTS Va'ir (29)
ci w
hover - W U
CDtm-b + CDO + TAe = $pV3,.S Vair

This leaves a system of equations that can easily be solved
for both the required lift coefficient (Cy, .. ), and turbine
drag coefficient Cp, ., if the local air speed (which is equal
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to the wind speed magnitude during hovering), horizontal and
vertical wind speed components are known.

Some important observations can be made from the final
equations:

* The required lift coefficient, determined by the first
part of Equation 29, should be less than the maximum
lift coefficient of the aircraft. If this would not be the
case, the aircraft would effectively stall when trying to
achieve these conditions.

e The drag that the clean aircraft itself can provide is
fixed by the required operating point on the lift-drag
polar. If the required drag coefficient is lower than this
value, the aircraft will not be able to achieve hovering
equilibrium, even if the turbine is fully switched off or
assumed to not be present;

* At specific wind speed and direction conditions, the
clean aircraft will be able to provide just the right
amount of drag at a certain required lift coefficient to
satisfy both equilibrium equations, the turbine doesn’t
need to be switched on, and no power can be regener-
ated, since C'p, ,,, will have to be equal to 0.

e At wind conditions where more drag is required than
the clean aircraft itself can provide, the turbine needs to
be switched on to close the “drag deficit” and equalise
both terms of the second part of Equation 29. If the
required extra drag from the turbine is less than its
ideal maximum, the regen drivetrain should regulate
the drawn power from the turbine in such a way that
the drag provided by the turbine satisfies the equations.

e There exist another specific set of wind conditions
where the required drag from the turbine to achieve
hovering equilibrium will be equal to the maximum
drag that the turbine ideally can provide. Note that al-
though the maximum amount of power (imposed by the
Betz limit) that can be drawn from the turbine in this
scenario at the specific conditions, it is not necessar-
ily the optimum resulting in the maximum amount of
regeneration power, since the regeneration power also
depends on the wind speed and other locations in the
wind-field might exist where not all ideally available
power can be extracted, but due to a higher wind speed
the total regenerated power potential is still higher.

With the finalised equations for the turbine drag coeffi-
cient and above observations in mind, the calculation of the
regen power contours can now be performed.

4.4  Regen power contour calculation

The finalised equations presented in the previous subsec-
tion enable one to determine if static hovering is achievable
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(given the local wind conditions at a certain point in the wind-
field and aircraft parameters). If this is the case, the corre-
sponding static hovering power regeneration potential can be
calculated for that point.

The resulting equations can be used to determine both the
required lift coefficient (C',,,,,,,.), and combined drag coef-
ficients (one being the turbine drag coefficient Cp,, ,, the
other being the drag coefficient of the aircraft Cp ac, _)to
enable stable static hovering.

This function determines if the UAV is theoretically able
to statically hover with zero ground speed at each point of the
calculated wind field. At each potential hover location, the
required additional drag and power needed from the turbine
is calculated as well as the angle of attack.

First, the required lift coefficient to satisfy the hovering
equilibrium equations is calculated:

W Uy

LS 30
05-p- V2 S Vi 0

ClLiover =
If the resulting lift coefficient is larger than the maximum
achievable lift coefficient (C,,,, ), the aircraft would stall
if it tried to approach the conditions required for hovering
and the corresponding point in the wind field will have a zero
power regeneration potential using static hovering since hov-
ering cannot be achieved.
Next, the total required drag coefficient to enable hover-
ing (Cp,,., + Cp,ac,,..) is calculated:

- w U,
C05-p-V2 oS Vi

Cp,.., +Cb,ac,,,.. 3D

For the aircraft to be able to achieve static hovering, the
combined required drag coefficient can not be smaller than
the minimum achievable total drag coefficient. This mini-
mum achievable total drag coefficient is equal to the clean
aircraft’s drag coefficient, since the least amount of drag will
be generated when no additional turbine drag is generated

Cihouer )

(hence Cp,,,, = Cp,ac,,,.. = Cp, + —25=

The combined required drag coefficient can also not be
larger than the maximum achievable drag coefficient, which
is equal to the clean aircraft’s drag coefficient plus the max-
imum achievable turbine drag coefficient. As stated in the
previous subsection, the maximum achievable turbine drag
coefficient can be estimated using the Betz limit and is equal
10 CD,orpiman = %% Summarising, the acceptable com-
bined required drag coefficient bounds to achieve static hov-
ering leads to the following expression:

CQ
(32)
C% . 2 Sturt
< Cp, + Wh/;:? 9 S
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If the total required drag coefficient falls within these
bounds and the required lift coefficient is not larger than the
maximum lift coefficient (as stated earlier), it can be assumed
that the aircraft can achieve static hovering, and a valid power
regeneration potential can be calculated.

The resulting required turbine drag coefficient to achieve
stable static hovering can be calculated as follows:

2

Lhover

mAe
(33)
The corresponding turbine drag generated during hover-
ing can easily be found by multiplying the turbine drag coef-
ficient with 0.5 - p- V2 - S:

air

Dturb,hov =05 P Vazir S CDtuTb,}Lou (34)

CDturb,hav = CDt,urb + CDﬁAC;LOU”- - <CDO +

Finally, by rearranging Equation 21 the estimated turbine
power can be found:

2
Pturb.hov = g ' Vair . Dturb,hov (35)

4.5 Results

By incorporating the finalised turbine drag and power
equations and only populating the values for locations where
hovering is deemed feasible by satisfying the maximum
lift coefficient constraint and conditions set in Equation 32,
power contour plots can be generated for any given wind-
field. This results in figures like the one shown below:

Regen smu{ggon for circular hill section [Radius = 50.0 m], with potential flow field [V.. = 15.0 m/s]

20

z location [m]

Local Windspeed [m/s]
w]

x location [m]

Figure 6: Regen power contour plot for a 15ms™! free-
stream velocity over a circular hill section with a radius of
50m for a rotor disc area of 0.1 m? using aerodynamic pa-
rameters in Appendix A

It can immediately be seen that the estimated maximum
amount of power that can be regenerated using the turbine
while hovering is roughly 1 order of magnitude lower than
then the ideal Betz limit power contour graph of the entire
wind-field (see Figure 2). The primary reason for this is that
the UAV is unable to statically hover with these conditions
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at the point in the wind-field that has the maximum potential
power, which is the point with the highest wind velocity.

Power contour plots were calculated for a range of con-
ditions, such as different wind-speeds, hill-sizes, rotor disc
areas, UAV masses, etc. The resulting plots showed the ex-
pected behaviour for the change in conditions.

5 CONCLUSION

A simplified wind-field model around obstacles such as
circular and oval shaped hills was constructed based on po-
tential flow theory. A model was developed to determine the
maximum theoretical regeneration power if wind-hovering
orographic soaring techniques are applied, given a certain
wind-field and aerodynamic characteristics of the UAV. The
resulting modular simulator program is able to determine the
hovering locations and gives an estimate of the maximum
achievable regeneration power. For the source wind-field, ei-
ther the simplified potential-flow based model can be used,
which needs very little computational power making it suit-
able to be even run on on-board processors of UAVs, or a
wind-field generated by other more advanced software or
even from a measurement field. The tool should allow anyone
to easily get an estimate of the feasibility of the regenerative
hovering soaring method in their particular application.

For future work, additional simulations could be carried
out by simulating real-life conditions. The model can then
be validated by performing a flight-test in these conditions
with a regenerative drivetrain architecture like the one being
proposed and shown in Appendix B.
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APPENDIX B: PROPOSED REGEN ARCHITECTURE
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Figure 7: Example regen architecture
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ABSTRACT

The aim of this work is to estimate the wind
that the quadrotor drone is subject to only based
on standard navigation sensors and equations of
motion. It can be used in several situation, in-
cluding atmospheric studies, trajectory planning
under environmental constraints, or as a refer-
ence for studying flights in shear layer. For this
purpose, a small quadrotor drone with spheri-
cal shape has been developed. Flight data are
recorded from telemetry during indoor and out-
door flight tests and are post-processed. The pro-
posed solution is based on a calibration proce-
dure with global optimization to extract the drag
model and a Kalman Filter for online estimation
of the wind speed and direction.

1 INTRODUCTION

Estimating wind with a UAV has already been studied
with multiple approaches. A common way is to use a fixed-
wind aircraft and extract the wind from its GPS track [1] or
by adding sensors on the system, such as 5-hole probe [2, 3]
or a combination of simple Pitot tube and flags [4].

For a quadrotor, these approaches are not suitable, not
only due to the non-constant inclination angles and flight di-
rections, but also because of the low flight speeds. How-
ever, [5] compared the use of four different anemometers on
a quadrotor. The study revealed that a thermal anemometer
could be used, at the cost of modifications to the UAV struc-
ture in order to place it far enough from the disturbances in-
duced by propellers.

Instead of adding components on the UAV, an alter-
nate solution is to estimate wind from the quadrotor motion
[6,7,8,9]. In [7], the different possible models are presented:
static, kinematic or full dynamic. In addition, a methodology
to extract the required parameters is presented. The propul-
sion system is characterized by a motor test bench in a wind
tunnel experiment, while the drag is extracted from flights
at constant GPS velocity in steady air. The observation is
made that the drag is proportional to the relative airspeed.
In [6, 10], experiments were led using a six-axis force bal-
ance, a very precise but fragile and expensive system. Finally,
[8] presents a nonlinear observer able to accurately predict
the wind components, using only low cost Inertial Measure-
ment Unit (IMU) and ground speed measurements. The drag-
force is considered proportional to the rotational speed of the
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motors, that is almost constant during operation, leading to
a constant rotor drag coefficient, similar to [7, 11]. [9, 7]
have performed outdoor flights and compared the results with
ground reference measurements, demonstrating the feasibil-
ity of wind measurement from quarotor based on IMU and
GPS measurements. The general principals and equations of
motion from these studies have been used as a starting point
for the present article.

This paper is organized as follows. First, the problem
modeling focuses on the equations of motion, the hypothesis
and limitations, as well as the experimental airframe. Then,
the parameters identification method is presented and after
that, the wind estimation with a Kalman filter is exposed. Fi-
nally, in-flight experiments are described and their results are
analyzed.

2 PROBLEM FORMULATION
2.1 Kinematic and Dynamic model

With the assumptions that

* the center of gravity (CG) is located at the center and
origin of the body frame

e the frame and the propellers are rigid

* the inputs of the system are the thrust generated by the
motors

* the outputs are the position and orientation of the body
frame relative to the earth (inertial) frame, observed by
the GPS and IMU sensors

a simple dynamic particle model can be established as in [7],
leading to:
X:Vk:Vr+VW (1)

mVg =mg+D(V,) +T )
where:

* X is the position vector relative to earth frame

* Vi is the ground speed vector relative to earth frame
(inertial velocity)

* V, is the relative air speed vector
* Vy is the wind speed vector relative to earth frame
* equation 1 represents the wind triangle

* m is the mass of the model and g the gravity vector
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* V, = || V|| is the norm of the airspeed

* D is the drag vector in earth frame, as a function of
airspeed

¢ T is the control forces vector (thrust) in earth frame

Finally, the last assumption is that the wind speed is seen
as a constant or slowly varying disturbance, therefore the
derivative of the wind triangle (equation 1) gives:

V=0 = V=V, (3)

A typical drag equation is expressed as the product of the
dynamic pressure, a reference surface and a drag coefficient
function of o and S, the the two angles defining the direction
of the air velocity relative to the body frame (see Figure 1).
As a result, drag should be proportional to V2. However,

1
, 8
N

Ux

Figure 1: Aerodynamic frame with angle of attack o and side
slip angle 8

the experimental results presented in the calibration section 3
show that in the range of the considered wind speeds, the ro-
tor drag or H-force (see [11]) that is linear with the airflow
seems to be dominant, hence:

ID|| =k Va )
As an additional remark, the airframe is not not supposed

to generate lift and is symmetrical to reduce the dependency
with the direction of the relative airspeed (independent of 3).
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The control force vector T can be expressed from the
norm of the thrust 7;,;,;, assumed to be the sum of each mo-
tor thrust applied at the CG, and the orientation of the body
relative to earth frame represented by the rotation matrix Rgyp.
This matrix can be computed from Euler angles ¢, 0 and y
with the classic DCM matrix as in [7].

T, 0
T=|T,|=Rpp '| O (5)
7} Ttotal

2.2 Airframe characteristics

A custom quadrotor frame have been designed for this ex-
periment. It is a simple cross shape made of thin aluminum
bars to hold the motors and a spherical 3D-printed central
body around the electronic components and the battery, as
seen on the Figure 2. The reason for this choice is to have
a symmetrical shape in order to reduce or eliminate the de-
pendency between the generated drag and the heading of the
drone.

The general characteristics and components are summa-
rized in the Table 1. The autopilot software used is the Pa-
parazzi UAV System [12].

component characteristic
material aluminum & plastic (PLA)
motors T-motor F30
propellers Dalprop 5x4 (3 blades)
battery 3S, 2200 mAh
autopilot Tawaki v1 with Paparazzi
GPS U-blox M8
size (motor to motor) 47 cm
sphere diameter 22 cm
mass 896 grams
flight time 7 minutes

Table 1: Quadrotor characteristics

Figure 2: Quadrotor with custom spherical body shape
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3 CALIBRATION METHODOLOGY

Estimating the wind from the quadrotor motion requires
to estimate the drag parameters. The methodology applied
is similar to [7] with the measurement of the bank angles ¢
and 6 at different airspeed. One of the difference is that in-
stead of moving at constant ground speed in steady air, the
drone is controlled to stay at the same position in front a
WindShape wind generator, as seen Figure 3. The calibra-
tion is done inside a flight arena at ENAC (Ecole Nationale
de I’Aviation Civile, Toulouse, France) also equipped with
an Optitrack motion capture system. Hence the position and
velocity is accurately controlled in closed-loop and the flight
can be considered in equilibrium.

Figure 3: Quadrotor during calibration in from of the Wind-
Shape wind generator

The dynamic equation 2 in equilibrium state, illustrated
by the Figure 4, directly provides a measurement of the drag
force from the bank angle and the mass. Without loss of gen-
erality, the vertical component of the thrust compensate the
weight and the horizontal thrust compensate the drag:

Troat Cf]s(a) =T=mg < mg tan(a) = Dy
Tiotal Sln(a) =T=D,= ||D||

The calibration procedure is as follow:

* start the wind generator and measure the reference
wind speed with an anemometer (hot-wire in our case)

* takeoff and place the quadrotor at a distance corre-
sponding to the reference measurement
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—mgU.

Figure 4: Side view of the forces applied on the quadrotor
model in presence of horizontal wind

e when stabilized, change the heading to make one or
more full turn on itself

* record the attitude (¢, 0, y)
* repeat the procedure at a different wind speed

For each reference wind speed, a fitting algorithm is used to
map the relation between the bank angles (¢ or 0) and the
heading y with a sinusoidal form:

¢ or 0 =cy sin(cy W+c3) (6)

where the coefficient ¢ is the magnitude of the oscillation,
equal to the incidence @, at equilibrium state, ¢, and c3 are
frequency and phase parameters, not used later on. The Fig-
ure 5 shows the bank angle ¢ as a function of the heading y
after a full turn. The rotation is not continuous, but made a
3s steps every after a rotation of 20°. The reference speed
for this case is 6.57 m/s, corresponding to a 50% throttle of
the wind generator. The curve fitting is done with Matlab and
gives the result ¢; = 0.1274 with a R-square of 0.9271.

0.2F - 1

phi (rad)
1) o o
o o °
G o & ~ O

o
2

o
-
o

©
N

psi (rad)

Figure 5: Roll angle ¢ against heading angle y after a com-
plete turn in from of the wind generator, the sinusoidal fitting
curve is in blue

Similar results are obtained for 8, which confirms this in-
dependence of the drag with 8, and for the different reference
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speeds. The final result is presented with the Figure 6 that
represents the relation between the angle of attack o, and
the reference air speed. As mentioned in the previous section
with equation 4, the relation is linear and the fitting curves
gives:

tan(Oeg) = cq *V,
co = 0.0262

with a R-square of 0.9998. It gives for our quad model with
a mass of 896 grams a coefficient k = mg * cq = 0.230 in
equation 4.

)

o

)
L

=]
H
I

T T T r
« alpha vs. ref_speed
—alpha = f(ref_speed) y

alpha (rad)
© o o o
o o o °
S o [ - N
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°

o

o
L

o
T
L

| L L L L L L
0 1 2 3 4 5 6
ref speed (m/s)

Figure 6: Relation between the incident angle o versus the
reference speed measured from a hot-wire airspeed probe at
the same distance from the wind generator

4 WIND ESTIMATION WITH KALMAN FILTER

This problem considers simultaneous estimation of 2D
aircraft Earth-axis velocity Vy = (V,..,V,,) and wind velocity
components (V,,,V,, ). Both process and measurement equa-
tions are dependent on aerodynamic force described above.
The attitude and heading estimation (AHRS filter) is per-
formed through a fusion algorithm of low-cost inertial sen-
sors used for UAV navigation.

All the sensors embedded are low-cost, and therefore have
imperfections. The major error sources in the navigation sys-
tem are due to: - all of the disturbances (noises) that affect
the instruments; - the potential incorrect navigation system
initialization (e.g. on magnetometers sensor); - and the inad-
equacy between the real local Earth’s gravity value and the
one used for computation. The largest error is usually a bias
instability (expressed respectively in deg/hr for gyros and ug
for the accelerometers). All these measurements are obvi-
ously corrupted by additive noises for which it appears rea-
sonable to assimilate their stochastic properties to the ones
of Gaussian processes. Their covariances matrices have been
identified in [13].

Using these values, the state space representation corre-
sponding to .#; can be described in a linear form:

X=Ax+Bu+v and y=Cx+pu
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where: X = [V, Viy,., Vs, Vi | s u = [T, Ty and y = [V, Vi, ]”
are the state, input and output vectors respectively. Moreover,
v, are the zero-mean Gaussian process noise vectors with
covariance matrix, Q, R.

—k 1
k0 0 0 Lo
X= 0 0 00 X+ 00 u+v
1o o £ o0 o 1L
My 00 0 0 0 0

vkx_llooX+
Vi,) \0 0 1 1 a

Obviously, to implement these equation a discrete form is
used such that :

Xp+1 = AaXg + Baug—1 + Vi
Yk = CaXy + Uk
where A; = exp (Adt),B; = 6” exp (A)BdE,C, = C are the

discrete-time state matrices and dt is the sampling time of the
system. Process and measurement equations becomes :

Vi 1-% o 0 0
Vel _| 0 1 0 of
v | | o o 1—k o]
Vio) o) od kgz 0 1
t t
om0
My 0 0
di_ ka2 | W1 Vi
T v
0 0
V) (1 100y,
ve) “\o o 1 1) TH
v/ k

Computing the rank of the observability matrix shows that
the system is fully observable at all speed. It can be men-
tioned this results from the linear relation of drag with air-
speed in equation 4. The case of a sphere without propellers
in a airflow would give a drag as the square of the airspeed
and a loss of observability at the zero airspeed, in addition
with the need of an Extended Kalman filter form.

In the later experiments, the process noise relative to air-
speed evolution is vy, = 0.05, the process noise relative to
windspeed evolution is vy, = 0.001 and the sensor noise as-
sociated to ground speed measurement is y, = 0.1. Second
order terms (in d?) can be neglected.

5 EXPERIMENTAL FLIGHTS

5.1 Indoor flight in controlled wind speed

The wind estimation algorithm is first evaluated with a
flight indoor in front of the wind generator used for calibra-
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tion. The goal is to evaluate the stability and convergence of
the estimation in a controlled environment. In this setup, the
wind is coming from a virtual north and the quadrotor is hov-
ering at a fixed position. Ground speed and orientation are
recorded from the telemetry and post-process by the Kalman
filter in a Matlab script.
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state vector (m/s)
o

0 20 40 60 80 100 120 140
time (s)

Figure 7: Evolution of the Kalman filter state vector over time
during indoor flight

The Figure 7 shows the four elements of the state vector.
The convergence time is around 10 to 20 seconds. The noise
on the estimated airspeed is low thanks to the low noise on the
measured ground speed (from motion capture) and the stable
airflow.

>
wn

|

%

w
T

N
w
T

N
T

wind speed (m/s) and direction (rad)

1.5+
1 ——wind speed ]
——wind speed ref
wind dir
0.5 ——wind dir ref
O L L L L L L
0 20 40 60 80 100 120 140

time (s)

Figure 8: Wind speed and direction compared to the reference
value from the wind generator; wind is coming from a virtual
north (7 rad) at a speed of 3.8 m/s

The Figure 8 is the norm of the estimated wind speed
IVl =
periment, the wind generator throttle was set to 40%, corre-
sponding to 3.8 m/s at the location of hovering with a direc-

V2 A+ Vv%y and the wind direction. During this ex-
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tion of 180°. As we can see on this plot, the estimated wind
converges to the reference values. The response time for the
direction is much faster than for the norm of the speed. This
can be explained by the fact that our model states that the
wind has a very slow evolution. Since the initial condition for
the state vector is zero, it takes some time to reach the final
value, but even if the norm is not yet correct, the direction of
the wind is already valid.

5.2 Outdoor flights

Several flights have been performed outdoor to record
telemetry data, with attitude from IMU and this time ground
speed from real GPS sensor. Only two relevant flights are pre-
sented in this paper. They were performed at Muret’s model
airfield (close to Toulouse, France) on the 20th of May 2021.
The wind conditions for that day are coming from public me-
teorological data and are reported in Table 2.

time speed direction
9 am no wind N/A
10 am | 7.4 km/h (2.06 m/s) 110°
11 am | 9.3 km/h (2.58 m/s) 120°
12 am | 9.3 km/h (2.58 m/s) 70°

Table 2: Wind condition on the day of the outdoor experiment

Figure 9: Trajectories for the outdoor flights: vertical profile
in red, horizontal square at constant altitude in blue

The first flight corresponds to the vertical profile (red tra-
jectory on Figure 9). The quadrotor goes up and down at a
vertical speed of 1 m/s and with the heading changing at con-
stant rate. The horizontal speed is close to zero. The state
vector evolution is plotted on Figure 10. As expected, the
noise on airspeed estimate is stronger than during indoor ex-
periment due to sensor noise, but still acceptable.

The vertical flight was done a bit after 10 am, so according
to Table 2 between 2 and 2.5 m/s, with a direction between
110° and 120°. The speed of 2.2 m/s and the direction of
115° have been kept as a reference. The Figure 11 shows
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Figure 10: Evolution of the Kalman filter state vector over
time during outdoor flight (vertical profile)

the norm and direction of the estimated wind compared to
these reference values. It can be seen that both values are
converging smoothly to the expected values.
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Figure 11: Wind speed and direction compared to the refer-
ence value from public meteo data during the outdoor flight
(vertical profile)

The second flight is a square (blue trajectory on Figure 9)
at low altitude. As a consequence, the ground speed is chang-
ing, with horizontal acceleration when changing direction.
These variations can be seen in the airspeed vector on Fig-
ure 12. The wind vector is also showing some variations and
is less stable than with the previous case.

The square flight was done at 9:30, so according to Ta-
ble 2 between 0 and 2 m/s, with a direction around 110°. The
reference speed of 1 m/s have been kept. The norm and direc-
tion are still converging, but with more variations due to the
changes in ground speed as mentioned before. Nevertheless,
all parameters stay in acceptable range and provide a valid
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Figure 12: Evolution of the Kalman filter state vector over
time during outdoor flight (square trajectory)

estimation of the wind components.
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Figure 13: Wind speed and direction compared to the refer-
ence value from public meteo data during the outdoor flight
(square trajectory)

6 CONCLUSION

A wind estimation filter based on the orientation and
ground speed of a quadrotor have been presented. Experi-
mental flights were conducted to compute the calibration pa-
rameters of the model and validate the results in controlled
indoor flight, as well as outdoor conditions.

The next step is the implementation of the Kalman filter in
the flight controller of the autopilot to provide real-time esti-
mation on-board. Such information can be useful to improve
navigation or even state estimation.
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Hybrid UAV Attitude Control using
INDI and Dynamic Tilt-Twist
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ABSTRACT

The increased search for the performance of Un-
manned Aerial Vehicles (UAVs) has led to an in-
terest in hybrid concepts like the tail-sitter UAV.
A tail-sitter UAV is capable of combining verti-
cal take-offs and landings (VTOL) with efficient
long-endurance forward flights. During hover,
the wings do not provide lift but instead act as
disturbance and limit the yaw response. Atti-
tude control based on direct quaternion feedback
does not take the differences in reaction speed
for the three axes into account. Tilt-twist con-
trol has been proposed to overcome this prob-
lem as it splits the faster tilt (pitch and roll)
from the slower and less important twist (yaw)
and is successfully applied to quadrotor control.
This paper proposes a novel tilt-twist controller
based on Incremental Nonlinear Dynamic Inver-
sion (INDI). But in tail-sitter UAVs, the lift vec-
tor can differ a lot from the tilt angle, espe-
cially when partly or fully transitioned to for-
ward flight. To address this, a dynamic tilt-twist
controller is proposed that redefines the twist ac-
cording to the transition angle. Simulations and
test flight tests are performed with the Neder-
Drone hybrid tail-sitter to show the increased
performance.

1 INTRODUCTION

The market for unmanned aerial vehicles is increasing [1].
Due to the development of small processors, UAVs became
widely available for the public [2]. Many companies are cur-
rently developing UAVs for various purposes [3] [4]. The
reasons to use this type of aircraft are their low cost, high
maneuverability, and ease of use. Quadcopters can perform
VTOL but have limited flight endurance. Fixed-wing UAVs
can cover larger distances than quadcopters but are not able
to hover. A solution to achieve both is to use a hybrid UAV
(Figure 1).

The most common hybrid UAV types are tilt-rotors [5],
tilt-wings [6], tail-sitters [7] and quadplanes [8]. Both the tilt-
rotors and tilt-wings have components that can rotate during
the transition between hover and forward flight. A quadplane

*Email address(es): c.dewagter @tudelft.nl
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Figure 1: The NederDrone, capable of performing VTOL.
The tail-sitter has 20 actuators (12 motors and 8 elevons) and
the energy is stored in a hydrogen tank.

uses different actuators for hover and forward flight. A tail-
sitter uses the same actuators in both flight phases and rotates
the entire body of the aircraft. One of the challenges with this
type of UAV is the controllability during the landing phase,
especially in turbulence [9]. During hover, some of the actu-
ators become less efficient while the wings create important
perturbing forces in turbulent or hard wind.

1.1 NederDrone

The tail-sitter used for this project is the NederDrone [7],
shown in Figure 1. The NederDrone has two wings that
carry twelve engines and hold eight elevons. The twelve en-
gines are all used during hover, but only four are used dur-
ing forward flight. One characteristic is that this UAV can
achieve much larger roll moments than pitch moments, and
even smaller yaw moments while the yaw also experiences a
lot of aerodynamic damping from the wings.

Simple quaternion control finds the shortest rotation be-
tween the current attitude and desired attitude. It then as-
sumes that all three axes can perform the desired rotation at
the same time. In hybrid aircraft like the Nederdrone where
not every axis is as fast, this results in either undesired ro-
tations or slowing down the fast axes to match the slowest.
Both options are undesirable. Tilt-twist control was proposed
to address this problem by splitting the tilt error (controlled
by the faster pitch en roll rotations) and the twist error (con-
trolled by the slower yaw axis) [10]. But this work used a
classical controller.

Recent advances in control have shown the benefits of
sensor-based approaches like Incremental Non-linear Dy-
namic Inversion (INDI) [11]. But INDI assumes that all ro-
tations can be executed at the same time and that the control
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demand can be met by the actuators. In hybrid aircraft such
as the Nederdrone, which fly in harsh weather conditions, this
is not the case.

This paper, therefore, proposes a combination of the tilt-
twist method and INDI control, called the dynamic tilt-twist.

In Section 2 the theory behind the feedback error is given
for quaternion, tilt-twist, and dynamic tilt-twist. Section 3
describes the methodology and results for the simulation and
real-life test. Conclusions are drawn in Section 4.

2 METHOD
2.1 Axis definition

An axis system uses a body-fixed system, where the z-
axis is parallel to the gravitational force during hover when
the pitch and roll angles are zero. The x-axis goes through
the belly of the UAV and the y-axis through the right wing
(see Figure 2). In forward flight, the x-axis thereby becomes
perpendicular to the gravitational force.

Figure 2: Body-fixed axis definition. If the pitch and roll
angles are 0 degrees, the z-axis is parallel to the gravitational
force vector.

2.2 Quaternion

The quaternions describe the transition of the attitude
in one single rotation [12], with a rotation 7 and a three-
dimensional unit vector component 7 as in

cos(%) ] T
= . =% G Q& 4 (1)
[r sin(4) [ v 4]
The current attitude is defined as

qei
qCI

= 2

q. doy (2
Gcz

and the desired attitude (input) is

qdi

qdzx
q, = 3
d qdy ( )

qdz

The attitude error then becomes

Qerr = dg ® qgl (4)
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Qerrl qddo qd1 qd2 qd3

Gerr2 —qd1 qdo qd3  —d4ad2
= = 5
Qerr Qerr3 —Qd2  —943 Qqdo  qd1 9. ©

Gerra —qd3  4d2  4qd1  4do

The controller then sends the errors in x-, y- and z-axis to
the respective actuators through a PD reference generator. J,,
0. and ¢, represent the aileron deflection, elevator deflection
and rudder deflection respectively.

0q = _Q(kPQerrz + kdqeﬂ‘z) ©)
5@ = _Q(kpqerrg + kdquT3) (7)
Oy = —2(kpqeml + kdq.erm) ®)

If not all axes respond at the same speed, this results in
undesired intermediate thrust vectors which disturb the posi-
tion control in the position control loop.

2.3 Tilt-Twist

In hover, the two rotation angles that influence the posi-
tion control are the pitch and roll. This is referred to as the tilt
angle. The remaining angle is then called twist. For the Ned-
erdrone, the tilt angles are much faster in response time than
the twist since the large wings dampen the turn rate around
the z-axis a lot and the torque difference of the hover motors
is limited. In the presence of turbulence, the twist can even
get saturated.

To address this, the tilt should be treated separately from
the twist such that they can have differences in response
speed. This is described as tilt-twist control [10].

2.3.1 Tilt error

The first part of the tilt-twist method consists in calculating
the tilt error. The error is calculated using the rotation matri-
ces to align the current frame with the desired frame

G+ —a—a2 2(qey+9:-0:) 2(¢0q=—1ya)

2 2 2 2 2

(929y—q-9i) ;i —a2+a;—q> 2(qyq=+929:) )
2(409-44y %) 2(9y9-—4:9:) 9 —a2—dao+a>

R(q) =

Rotation matrices for both the current (R.) and the de-
sired (Ry) attitudes are computed as

R,=R(q;) R.= R(q.) (10)

The total tilt error can be defined as the shortest rotation
between the actual and desired z-axis as illustrated in Fig-
ure 3. Note that the axis definition [10] differs from the one
used in this work.

Rd - Rerch (11)

Equation 11 can be rewritten as
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Figure 3: The tilt and twist error definitions. In the tilt plot,
the pitch error is 10°, the roll error 5° and the yaw error is
60°. In the twist plot, the pitch error is 0° and the roll error
0°.

. 1 Ti2 T1,3
R, = RdRc = |T2,1 T22 T23 (12)
3,1 732 T33

The third row component of matrix R, then provides
the tilt error. The x-component of the tilt error is given by

Tilt error, = &, = —atan2(rs o, r3.3) (13)
where atan?2 is the inverse tangent. The y-component is
given by

Tilt errory & ey = atan2(r31,73,3) (14)

2.3.2 Twist error

The twist error is calculated as the angle error around the
body fixed z-axis. An intermediate coordinate frame is de-
fined that reflects the current attitude after removing the tilt
error. This is achieved by using the rotation matrices

Ta1 Tec1
Ry= |re2| Rc=|Te (15)
Td3 T3

where the elements r represent vectors with the body axes
expressed in the vehicle frame. The total tilt error then be-
comes

Tilt error £ ey = cos ™! (T:irg : 7“;) (16)

Next, the unit length axis is defined as

Tl X TN
TN (17
|7 og X T 4]

As the rotation needs to happen in the vehicle frame, the
unit vector k is rotated to the vehicle frame

b
T

v’ =Rk = % (18)

z

SRS

NOVEMBER 17" 1O 19t" 2021, PUEBLA, MEXICO

12" INTERNATIONAL MICRO AIR VEHICLE CONFERENCE

Then, a rotation matrix is defined which rotates a vector
around a vector with a given angle. This is accomplished by
using the Rodrigues rotation formula!, where the angle is e4;;¢
and the vector is v°. The rotation becomes

I, ctitg = 0
Rv = . 2
I — 'vsm(etilt) + v [1 — COS(Etilt)], Etilt 75 0
(19)
where
0 - UZ
v= | 0 - (20)
—vg vl 0

The error is then expressed in the body frame by multi-
plying R, with the rotation matrix of the current attitude of
the UAV R,

R,=R)R. 2D
where
Tp1
Rp = [Tp2 (22)
rpg

The absolute twist error, illustrated in Figure 3, can be
found using the x-components of R, and R, with
e e
Etwist = COS 1(7“p1 “Tap) (23)

To determine the sign of the twist error, the y component of
R, is used in
10, T T
Esign = COS (rp2 “Ty) (24)

Finally, when £4,,;5; is above 90°, the sign of the twist error
becomes inverted and is corrected with

‘ Co cu < T
Twist error 2 ¢, = { """ s =2 (25)
—Etwists Esign > 2
Together, the total feedback error is set as
Ex
Feedback error = e = Ey (26)
€2

The PD reference generator in the total INDI controller
[11] is then written as

0o = kpen — kaés 27)
8o = kpey — kay (28)
8, = kpes — kaé (29)

By using gains that result in slower reaction on the twist,
time-separation of tilt and twist is achieved.

Thttps://mathworld.wolfram.com/RodriguesRotationFormula.html, Oct
2020
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2.4 Comparison of quaternion and tilt-twist

Figure 4 illustrates the difference between quaternion
feedback tilt-twist feedback on a purely kinematic model with
rate-limited yaw control. A simulation is performed where
there is a small pitch and roll error and a large yaw error.
The rate-limited yaw takes more time to converge than pitch
and roll, but more importantly, in quaternion control, the pitch
and roll only reach their desired values when the yaw has con-
verged. Since errors in tilt also affect the position control in
the outer loop, this will result in larger position errors for the
simple quaternion control. The tilt-twist method addresses
this problem.

Quaternion errors

0.5

-05[

-15¢}

Angle error (rad)
-

25 . . ]
0 0.5 1 1.5 2
Time (s)
Tilt-twist errors

05 = :

-05[

-1.51

Ocrr
2F err
tilt ey,

Angle error (rad)

25 : : :
0 05 1 15 2

Time (s)
Figure 4: Error handling comparison between tilt-twist and
quaternion feedback, in Euler angles. The tilt error is also
shown, which is linked to the thrust vector.

2.5 Dynamic Tilt-Twist

In the tilt-twist method, the twist component is always
measured around the body fixed z-axis. This is ideal in
quadrotors but in hybrid aircraft such as the Nederdrone,
when there is wind, the UAV hovers at pitch angles of up to 50
to 70 degrees nose down from hover. In that case, the body tilt
axis does not correspond to the lift vector anymore. The goal
of tilt-twist—to have the actual lift vector make the shortest
rotation—thereby becomes invalid. Moreover, in these condi-
tions, the additional airflow over the main wing, fortunately,
improves the achievable turn rate around the x-axis.

To address these conditions, a dynamic tilt-twist con-
troller is introduced. The tilt axis is redefined to be paral-
lel with the gravitational vector. To align the twist vector
with the gravitational vector the rotational matrix R, is used
which includes the pitch (6) and roll (¢) angle:
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cos—f0 sin—0sin—¢ sin—60cos —¢
R,(0,0) = 0 cos —¢ —sin —¢
—sin—6@ cos—@sin—¢ cos—0cos—¢
(30)

Thereby, the rotation matrices from Equation 10 are rede-
fined as

R, = R.R(q,) €1y
R. = R.R(q.) (32)

Then the same tilt-twist controller is used as in the previ-
ous section, except for the last step where the actuator deflec-
tions need to be compensated again for the dynamic tilt angle
using the inverse rotation R, *

Ex

A
Feedback error =€ = |¢gy
€z

R (33)

3 SIMULATION AND FLIGHT TEST

The paparazzi autopilot system [13] and simulator with a
Nederdrone model are used to perform the simulations and
flight tests. The controller is an INDI controller [14] with a
modified linear control input. Three different reference gen-
erators are compared: quaternion feedback, tilt-twist, and dy-
namic tilt-twist. The setup is identical for the simulations and
the flight test. The tests consisted of flying the Nederdrone
back and forth between two waypoints where it needed to
hover for three seconds. To induce errors in yaw and highlight
the differences in the different controllers, a heading offset
Yechange 18 artificially added each time the Nederdrone leaves
a waypoint. Finally, the trajectory errors are compared since
optimizing trajectory tracking is the overarching goal.

3.1 Results
3.1.1 Simulation

Before the flight tests, the different types of feedback errors
were tested in a simulation. The same controller settings were
used for the flight test. The heading offset (¥cpqange) during
the simulation was set to 160°. The simulation results are pre-
sented in Figure 5. During the simulation, no wind was taken
into account. It can be seen that the quaternion feedback re-
sulted in irregular behavior. The tilt-twist and dynamic tilt-
twist methods were much more consistent.

3.1.2 Flight test

Flight tests in windy conditions were performed with the
Nederdrone on a path (orange) at about 50° angle with the
wind. The heading offset, ¥change, Was set to jumps of 45°
for the tilt-twist controllers but due to stability issues only to
30° for the quaternion controller (See Figure 6). Higher head-
ing offsets could result in an unsafe flight when the quaternion
feedback controller is used.
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Tilt-Twist Control
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Figure 5: Flight paths during simulation (quaternion, tilt-twist, dynamic tilt-twist). The quaternion feedback method had
problems with handling the yaw angle error. Both the tilt-twist and the dynamic tilt-twist method showed more stable behavior.
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Figure 6: Commanded and actual heading angle ¢ where the artificially added jump in commanded heading simulates situations

where a large heading error is present.
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Figure 7: Flown path during flight test, the wind conditions were equal for all flights

The flight paths of the Nederdrone can be seen when us-
ing the three controllers in Figure 7. Table 1 shows the nu-
meric comparison of the achieved position accuracy as mea-
sured during the same flight in the same conditions by switch-

ing the controller in flight. The quaternion controller shows
some irregular behavior that depends on the difficulty to reach

NOVEMBER 17t" 10 19t 2021, PUEBLA, MEXICO

the desired yaw angle. The tilt-twist method is shown to yield
more consistent results than the quaternion controller in the
same conditions. Finally, the dynamic tilt-twist method im-
proves the behavior even further.
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Table 1: Test results, distance from the reference line.
Average distance (m)

Quaternion 3.27
Tilt-twist 2.74
Dynamic tilt-twist 2.08

4 CONCLUSION

This paper presented the combination of INDI control
with tilt-twist control and proposed an improvement for hy-
brid aircraft where the lift vector does not always corre-
spond to the thrust vector, namely the dynamic tilt-twist
method. The simulation and the flight test demonstrated that
the quaternion feedback method had problems following the
required path, whereas the tilt-twist method showed some im-
provements and the dynamic tilt-twist showed the best results.
The dynamic tilt-twist method is suitable for tail-sitters that
vary their pitch and roll angles during hover and experience
yaw/position control problems.
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ABSTRACT

In recent years, aircraft research has focused its
attention on propulsion systems that control ve-
hicle attitude and flight path by Thrust Vector
Control, TVC. The propulsion system with an
integrated TVC mechanism is characterized to
be provided better maneuverability to the aircraft
through moments that allow rotating the flying
vehicle helping to the attitude control. This pa-
per proposes a sliding-mode-based TVC for an
aircraft, focusing our attention on controlling the
angle of attack through the convergence flight-
path angle and the pitch angle. Using a rocket
as a study system, we firstly present its dynamic
model, assuming that the shape of the Earth is
an ellipsoid. Then, a sliding-mode-based TVC is
proposed to guarantee the aircraft attitude con-
trol, regulating the effective angle of attack. Fi-
nally, some result simulations show the perfor-
mance of the proposed controller under different
conditions.

1 INTRODUCTION

The initiative to make space flights more accessible and
cheap has currently experienced rapid development on many
topics as aerodynamics, fluids dynamics, propulsion, con-
trol, structural dynamics, to name but a few. In recent years,
the propulsion systems that include TVC has attracted re-
searchers’ attention due to allowing change the flight path,
correct a deviation from the desired trajectory, or change the
altitude during the powered flight, [1], [2], [3]. In this way,
TVC is used to pitch and yaw aircraft controls based on the
main rocket nozzle. As part of the thrust system, the gimbal
mechanism is in charge to move the nozzle in two or three
degrees of freedom through actuators. Thus, for small air-
craft, TVC based on electromechanical actuators is the most
popular. Structural analysis, gimbal mechanism, control, and
sizing are active areas of research of TVC.

In this paper, a thrust vector controller actuating in a
single-engine rocket is proposed. Although operations of the
rocket flight have many stages, we focus our attention on
rocket landing, in particular, the flight control to compensate
disturbance forces due to the influence of the environment and
the parametric uncertainties of the rocket. Thus, the attitude

*Email address: 192220109 @upmh.edu.mx
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Figure 1: a) Aircraft with an integrated TVC mechanism, b)
Gimbal mechanism: A gimbal is essentially a universal joint.

rocket control with TVC is proposed using embedded motion
equations of pitch attitude and inertial Z-axis drift position.
Furthermore, from aircraft aerodynamics, it’s known that the
aircraft does not have a straight path to its destination; on the
contrary, regularly, there is a slight deviation concerning the
angle route or trajectory called the track, while its deviation
is known as the angle of drift. Thus, the effects related to the
wind must be added with the lifting and dragging to keep our
vehicle stable. In this way, assuming some aircraft parameters
are unknown and the wind speed is uncertain, a sliding-mode-
based TVC is proposed to guarantee the pitch angle and drift
position convergence. In addition, some stability conditions
are guarantee using the Lyapunov theory. Finally, to vali-
date the proposed approach, some simulations under different
conditions are presented. The Sliding Mode Control (SMC)
is characterized to provide robustness to parametric uncer-
tainty and external perturbations using high-speed switching
feedback control, [4], [5]. Due to its ability to deal with dis-
turbance attenuation and robustness, the SMC is used com-
monly in flight control design or in combination with other
approaches as backstepping or adaptive control. [6], [7], [8],
[91, [10], [11].

This paper is organized as follows. In Section 2, the math-
ematical rocket model is presented with an integrated TVC
system. In Section 3, a sliding mode control to guarantee
the convergence of angle of attack through the convergence
flight-path angle and the pitch angle is proposed. In Section
4, simulation results are presented under different conditions.
Finally, some conclusions are presented in Section 5.
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2 ROCKET DYNAMICAL MODEL

In this section, we present the rigid body analysis to ob-
tain the rocket non-linear motion equations.

Figure 2: Reference system B (rocket) relative to ECI system.

2.1 Rotational kinematics

From the rotational kinematics, we describe the orienta-
tion of the aircraft by the Euler angles: roll (¢), pitch (),
and yaw (¢), see Figure 2, [12]. We start defining two refer-
ence systems: the Earth-Centered Inertial system (ECI) and
the Body system (B) that refers to the aircraft frame. So, the
rotational kinematics of the rocket to ECI frame is defined as:

d:> 1 |cos 0 singsingd cos¢sind D
0| = 7 0 cospcosf —singcosh| |gq
) cos 0 sin ¢ cos¢p r

where p, q, r represents the components of angular velocity.
2.2 Translational Dynamics

In this part, we will define the forces that act on the rocket.
Specifically, we refer to the thrust force (fthmst), aerody-
namic force (ﬁae,) defined concerning the reference system B
(Body) while the gravity force (ﬁq) respect to ECI reference
system. Applying the Second law’s Newton (for a constant
mass) concerning the ECI reference system, we have that
F

1
m

ST}
I
ISR o H

1 = - .
= E TEBCI(Faer + Fth'rust) + Fg:| (2)

where TS, is the transformation matrix defined by 75, =
R(z, $)R(y. 0)R(z,v) and Rz, §), R(y,0), R(z, ) are the
rotation matrices corresponding to each axis.

In the following sub-section, we will show how are
defined the principal force applied to the rocket, that is,
Finrusts Faer, and Fy.
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2.2.1 Thrust Force

The thrust delivered by the rocket engine can be calculated
by:
T = 1w, + (P — Po)Ae 3)

where 1w, is the propellant burned escaping a constant ve-
locity, (P, — Py) Ae is the pressure difference, between inside
the nozzle (P.) and outside the nozzle (Fy), on an escape sur-
face (A.). Assuming that the thrust is constant T, we proceed
to determine the thrust vector components, which allows us
to define the TVC, see Figure la. Using the relationship of

F thrust
y
F, thrus